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1. Single-Agent Dose-Finding Designs with
Toxicity Endpoint and Cohort Enrollment

1.1 Introduction

This module is about design and conduct of cohort-based phase I dose-finding trials for a single
agent. The term “cohort-based” here means that patients are enrolled in cohorts, and dose-escalation
decisions are also made in cohorts.

The primary objective of phase I trials is to identify the maximum tolerated dose (MTD),
defined as the highest dose with a DLT rate less than or close to a prespecified targeted rate pr (say,
pr = 1/6 or 1/3). During the past three decades, a large number of designs have been developed for
phase I trials. Figure 1.1 lists 12 representative designs over time. The 3+3 design by Storer (1989)
has been the most popular design among physicians due to its simplicity in practice. It is a rule-
based design and adaptively moves up and down cross doses by assigning three patients per cohort
until the MTD is identified. Disadvantages of 3+3 are mainly the lack of reliability to identify the
correct MTD (Chen et al., 2009), the lack of flexibility to accommodate patients drop-out or over-
enrollment, and the poor statistical operating characteristics in terms of safety and reliability (Ji and
Wang, 2013; Nie et al., 2016). Since 1990, many new methods, especially Bayesian methods, have
been developed to guide dose escalation. The continual reassessment method (CRM) is the first
Bayesian model-based design proposed by O’Quigley et al. (1990). It uses information from all
doses to guide decision making. Neuenschwander et al. (2008) extend the CRM and propose the
Bayesian logistic regression model (BLRM). Both CRM and BLRM use parametric dose-response
curves for statistical modeling and inference. Founded on sound statistical principles, both designs
exhibit superior performance when compared with 3+3. However, they are complex and need strong
statistical input to safe-guard the practical deployment, which makes them challenging for clinicians

to comprehend and implement in practice. In the recent decades, the landscape of phase I dose-
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finding designs has been rapidly shifting, noticeably marked by the emergence of interval-based
designs, such as the toxicity probability interval (TPI) design (Ji et al., 2007) and two subsequent
modifications, the mTPI (Ji et al., 2010; Ji and Wang, 2013) and mTPI-2 (Guo et al., 2017b) designs.
In parallel, the cumulative cohort design (CCD) (Ivanova et al., 2007) and the Bayesian optimal
interval (BOIN) design (Liu and Yuan, 2015a) further simplify the statistical inference based on
a point estimate of toxicity probability and prespecified interval boundaries. BOIN is an overly
refined version of CCD, in which the interval boundaries are generated based on an ad-hoc objective
function that creates theoretically shaky results. In our East Bayes platform, we decide to adopt and
modify the CCD design, following our principle to promote sound methodologies. Finally, in 2019,
the evolutionary step of phase I dose-finding designs spirals back to the rule-based approaches in
the form of the i3+3 design (Liu et al., 2020), which shows the potential of smart rule-based designs

that can achieve comparable operating characteristics to model-based designs.

In this module of Single-Agent Dose-Finding Designs with Toxicity Endpoint and Cohort
Enrollment, East Bayes performs trial simulation to examine the operating characteristics of eight
designs, including i3+3 (Liu et al., 2020), mTPI-2 (Guo et al., 2017b), CRM (O’Quigley et al.,
1990), 3+3 (Storer, 1989), mTPI (Ji et al., 2010), modified CCD (mCCD) (Ivanova et al., 2007),
BLRM (Neuenschwander et al., 2008) and BOIN (Liu and Yuan, 2015a) designs. Also, the decision
table generation and the MTD estimation are incorporated in this module, so that users may gen-
erate the decision tables to guide trial conduct and estimate the MTD after trial completion. §1.2
introduces the user interface and tutorial of launching trial simulations and examining results, as
well as generating decision tables and estimating MTD. A statistical review of all eight designs are

provided in §1.3.

@ Rule-based non-interval design @ Rule-based interval design ® Model-based non-interval design ® Model-based interval design
=)
—
343 CRM TPI ‘BLRM ‘mTPI BOIN ‘mTPI-2 “i3+3
Storer (Biometrics) QO'Quigley Jietal. (Clinical Neuneshwander et Jietal. (Clinical Liu & Yuan (JRSS-C) Guo etal. (CCT) Liu et al. (JBS)
(Biometrics) Trials) al. (Statistics in Trials) Keyboard
‘cep Medicine) EWOC Fan etal. (Clinical
Ivanova et al. (JSPI) Tighiouartetal. Cancer Research)
(Statistical Science) SPM
Clertant &
O'Quigley (RSS)
* indicates the design is available on U-Design

Figure 1.1: The chronicle of phase I dose finding designs (1989-2019).
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1.2.1. Overview

1.2 User Interface and Tutorial

1.2.1 Overview

Entering the Single-Agent Dose-Finding Designs with Toxicity Endpoint and Cohort Enroll-
ment page, users will see four main tabs: Simulation Setup, Simulation Results, Decision Table
and MTD Estimation. The first two tabs allow users to conduct simulations and visualize/download
simulation results, and the next two tabs allow users to generate decision tables and estimate the
MTD, respectively. In the Simulation Setup tab, there are three steps (Figure 1.2): 1) Set trial
parameters, 2) Select designs, and 3) Generate scenarios. Users need to complete the steps 1-3
to set up simulations for a single design or multiple designs. Upon completing steps 1-3, users click
the “Launch Simulation” button at the bottom of the page. Users may also click the “Reset” button
next to Launch Simulation to clear all settings. After the simulation is launched, the results of
simulations will be displayed in the Simulation Results tab. The simulation process can be moni-
tored in real time at the top of the Simulation Results tab. Detailed steps of using this module are
elaborated next in §1.2.2-§1.2.5.

Single-Agent Dose-Finding Designs with Toxicity Endpoint and Cohort Enrollment @ User Manual

Simulation Setup Simulation Results Decision Table MTD Estimation

( Step 1: Set trial parameters ® )
03 10 32432

. J/

(Step 2: Select designs )
i3+3 | mTPl-2 | 3+3 | mTPl | CRM | mCCD | BLRM | BOIN

\. J

Step 3: Generate scenarios @

Auto Generation Manual Construction

s Generate

Launch Simulation Reset

Figure 1.2: Simulation Setup in the Single-Agent Dose-Finding Designs with Toxicity Endpoint

and Cohort Enrollment module.
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1.2.2 Simulation Setup

In the Single-Agent Dose-Finding Designs with Toxicity Endpoint and Cohort Enrollment mod-
ule, East Bayes provides eight designs, i3+3, mTPI-2, CRM, 3+3, mTPI, mCCD, BLRM, and BOIN
for simulation. Users can choose up to four design configurations for simultaneous comparison in
the Simulation Setup tab each time. A design configuration means a design such as i3+3, along
with the designs settings, such as sample size. Request to allow more than four design configurations

by emailing support@cytel.com.

1.2.2.1 Step 1: Set trial parameters

Specify the target toxicity probability (pr), number of simulations (ng;,), and random seed of
simulation (Rg..q) for the simulated trials. See Figure 1.3. Hover mouse over the question mark
icon, and a description will be displayed explaining the meaning of the parameters. The detailed

explanation of the above three input arguments is provided in Table 1.1.

Simulation Setup Simulation Results Decision Table MTD Estimation

Pt : Target Toxicity Probability
Step 1: Set trial parameters @ Nsim : Number of Simulations
Rseeq : Simulation Seed Value

Naim

0.3 10 32432

Figure 1.3: Set trial parameters in the Single-Agent Dose-Finding Designs with Toxicity End-

point and Cohort Enrollment module.
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Table 1.1: Input parameters for trials in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Cohort Enrollment module.

Notation Parameters Description
pT Target toxicity | The target toxicity probability of the maximum tolerated
probability dose (MTD). The main objective of phase I clinical trials
is to find the highest dose with a toxicity probability closest
to or lower than pr. Default value is 0.3.
Nsim The number of sim- | The maximum number of simulated trials allowed is
ulated trials 10,000. Default value is 1,000.
Rgeed The random seed of | A random seed is a number used to initialize a pseudoran-
simulation dom number generator in the simulation. Default value is
32432.

1.2.2.2 Step 2: Select designs

To select a design, click the button with the design’s name on it. Up to four design configurations

may be selected for comparison.

Click the “More” link to expand the design list to see all the seven designs and click the “Less”

to collapse the list.

Check the “Apply Stopping Rule” box to apply an ad-hoc stopping rule of reaching the maxi-

mum number of patients at a dose level during the trial conduct. See the detailed rules in Table 1.2

and §1.3.

Design parameters can be modified in the input box. Hover mouse over the question mark

icon, and a description will be displayed explaining the meaning of the parameters. See detailed

parameter descriptions in Table 1.2.
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3+3 @

Apply Delete

,,,,,

1 s 30 3 0.05 0.05 Apply Stopping Rules

Apply Delete

Figure 1.4: Select designs in the Single-Agent Dose-Finding Designs with Toxicity Endpoint

and Cohort Enrollment module.

Table 1.2: Input parameters for designs in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Cohort Enrollment module.

Notation Parameters Description

n Sample size The maximum number of patients to be treated in the trial.

(all designs) The upper limit is set at 100 since the number of patients
that are enrolled in phase I clinical trial is typically small.
Default value is 30.

dstart Starting dose level | The starting dose level in the simulated trials. Default value

(all designs) is 1.

Neohort Cohort size The number of patients in each cohort. Default value is 3.

(except 3+3)
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€1,69 €1: lower margin | Two small fractions used to define the equivalence/target

(1343, mTPI, | e2: higher margin interval of the MTD. Any dose with a toxicity probability

mTPI-2, falling into the interval [pr — €1, pr + €2] is considered an
mCCD, acceptable dose MTD. Default values for both are 0.05.
BLRM)

€1,€2 €1: lower margin | Two small fractions used to define the optimal interval and
(BOIN) €2: higher margin the target probability. Here, €1 = pr — A1, €2 = Ao — pr

where (A1, \2) is the optimal interval minimizing the prob-
ability of making an erroneous decision based on the initial
equivalence interval (¢1, ¢2). Default values for ¢, ¢o are

0.6 * pr and 1.4 x pr.

PEWOC Cutoff probability | The threshold of controlling the probability of excessive or
(BLRM) of escalation with | unacceptable toxicity. Default value is 0.25.
overdose control
) Half-width The halfwidth of the indifference interval in selecting the
(CRM) skeleton of the model. Default value is 0.05.
K Maximum number | A number used in the “Stopping Rule” that stops a trial if
(except of patients at a dose | 1) the dose-assignment decision is to escalate to the next
3+3) level higher dose and there has been K patients enrolled at that

dose; or 2) the dose-assignment decision is to stay at the
current dose and there has been K patients enrolled at that
dose; or 3) if the dose-assignment decision is to de-escalate
to the previous lower dose and there has been K patients

enrolled at that dose; Default value is 12.

For the BOIN design, click the “Compute” button to compute the initial equivalence interval
(¢1, ¢2) using the optimal interval (pr — €1, pr + €2). See details in §1.3.8.
Click the “Delete” button to remove the selected designs.

Click the “Apply” button of all the designs before launching simulations to apply all settings.
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1.2.2.3 Step 3: Generate scenarios

There are two ways to generate scenarios, automatically (in below Auto Generation tab, see Figure

1.5) or through manual construction (in below Manual Construction tab, see Figure 1.6). Once

scenarios are generated, click the “Launch Simulation™ button at the bottom of the page to run

Ngim (set in step 1) simulations, for each scenario and selected design (set in step 2) combination,

assuming pr (set in step 1).

Auto Generation (Figure 1.5)

Select the number of doses n4yse (3 < Ngose < 10) from the dropdown box. Upon clicking the

“Generate” button, five or six scenarios will be created automatically, each of which contains the true

toxicity probabilities for ng,s. dose levels. These generated scenarios are displayed and editable.

The detailed algorithm for scenarios auto generation is provided next.

Step 3: Generate scenarios @

Auto Generation

True toxicity probabilities of dose levels for each scenario

/ T

g 0.08 0.15 0.24 03

4 0.06 042 018 024 044

cg 027 0.37 047 057 067

Figure 1.5: Automatically generate scenarios in the Single-Agent Dose-Finding Designs with

Toxicity Endpoint and Cohort Enrollment module.

Manual Construction (Figure 1.6)

Follow the instructions below to manually construct scenarios. Then click the “Add” button to

create these scenarios. The format of input must comply with the following instructions.
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e Scenarios should be separated by line breaks;
e Each scenario consists a set of true toxicity probabilities for all dose levels;

e The true toxicity probabilities must be separated by a white space or comma.

For example, by inputting “0.05 0.1 0.15 0.2” or “0.05,0.1,0.15,0.2”, a scenario is presented with
true toxicity probabilities of four dose levels, 0.05, 0.1, 0.15 and 0.2.

Step 3: Generate scenarios @
Auto Generation Manual Construction

Follow the instructions below to manually construct scenarios. Then click the "Add” button to create these scenarios.

e Eachscenario occupies one line and each parameter must be separated by a COMMA or WHITE SPACE. It must be provided in the format below

Pdose1 : Pdose e
Daose1 represents the true toxicity probability of dose 1, etc
o Multiple scenarios must be separated by line breaks. For example, two scenarios, each with 4 doses, are shown in the input box below.
® There should be at least three doses per scenario.
0.05,0.1,0.15,02
0.1,02,03,05
Wy
Add
True toxicity probabilities of dose levels for each scenario
05
pt=03
: /
: 4
True toxicity prababilities of dose levels

e e 1 " Delete All
1 3 0.05 0.1 0.15 0.2
2 = 01 02 03 0.5

Figure 1.6: Manually generate scenarios in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Cohort Enrollment module.

The generated scenarios are displayed as a list (Figures 1.5 and 1.6) which appears below the
generation section. The generated scenarios are editable by clicking the edit icon @ An interactive
chart will also be generated to visually display the shape of true toxicity probabilities for each

scenario.
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Algorithm for Auto Generation
By entering the number of candidate dose levels ng,s., five or six scenarios are generated
automatically. See Figure 2.7 for an illustration. They represent the four types of dose-response

shapes below.

Types Dose-Response Shape

Ideal Some doses are tolerable but some are overly toxic, AND
there exists at least one dose level close to the target pr or falling within the equiva-
lence interval [pp — €1, pr + €2].

Safe All doses are safe and tolerable with the true toxicity probabilities lower than the
target pr or the lower bound of the equivalence interval (pr — €1).

Toxic All doses are overly toxic with the true toxicity probabilities higher than the target
pr or the upper bound of the equivalence interval (pr + €2).

Steep Some doses are tolerable but some are overly toxic, AND
there is a steep jump in the toxicity probability between two adjacent doses, AND

there is no dose close to the target pp or falling within the equivalence interval [py —

617pT+€2]'

Two “Steep” scenarios are generated, with the toxicity probability steep jump occurring at the
first or second half of the doses. Similarly, two “Ideal” scenarios might be generated, with the MTD
placed in the first or second half of the doses. This depends on the number of doses. When the

number of doses is greater than 6, two scenarios of “Steep” and “Ideal” will be generated.
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Auto Generation Manual Construction

5 a Generate

True toxicity probabilities of dose levels for each scenario

pt=0.25

True toxicity probabilities of dose levels
Delete

ndex Edit 1 2 4 5

1 (74 0.13 0.25 0.38 0.5 0.63 o]
2 74 0.06 0.13 0.19 0.25 031 o
3 74 0.04 0.08 0.13 0.17 0.21 o]
4 74 038 05 0.63 0.75 0.88 o
5 (74 0.04 0.08 0.12 0.16 0.55 o]
6 (74 0.05 0.42 0.49 0.57 0.64 o]

Figure 1.7: An example of automatically generated scenarios. Five dose levels are considered for
the trial. The target toxicity probability is pr = 0.25, and the equivalence interval is EI=[0.2,0.3].
The six different lines represents the four types of scenario. In the “Ideal” scenarios (Lines 1 and
2), doses 2 and 4 are the true MTD with toxicity probability falling within the EI, respectively.
In the “Safe” scenario (Line 3), all doses are safe with toxicity probabilities lower than the target
pr = 0.25. The “Toxic” scenario (Line 4) gives a contrary situation to the “Safe” scenario, where
all doses are overly toxic with the toxicity probabilities higher than the target pr = 0.25. The
remaining two lines (Lines 5 and 6) are the “Steep” scenarios, in which some doses are tolerable
but some are overly toxic, and there is a steep jump in the toxicity probability occurring at the first

or second half of the doses (between doses 4 and 5 in Line 5, and doses 1 and 2 in Line 6).
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1.2.2.4 Launch Simulation

Once the steps 1-3 are completed, users can conduct simulated clinical trials to examine the oper-
ating characteristics of the selected designs using the selected scenarios, by clicking the “Launch
Simulation” button at the bottom of Simulation Setup tab (Figures 1.5 and 1.6). “Success” message
will be displayed on the website as in Figure 1.8 to indicate that the simulation has been successfully
launched. Users may click the “OK” button in the pop-up box to track the simulation processing

status and simulation results.

Success

Launch Successful, Proceed To Simulation Results

Figure 1.8: “Success” message after launching simulation in the Single-Agent Dose-Finding De-

signs with Toxicity Endpoint and Cohort Enrollment module.
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1.2.3 Simulation Results

In the Simulation Results tab, users can view and delete the simulation progress and simulation
results (§1.2.3.1), inspect the escalation process in two simulated trials (§1.2.3.2), restore the simu-
lation settings if needed (§1.2.3.3), and download intelligent simulation reports (§1.2.3.4). Specif-
ically, all the simulation results (figures and tables) can be downloaded in Word format, accompa-
nying the statistical sections in a trial protocol. Hereinafter, we use simulation results and operating

characteristics interchangeably.

1.2.3.1 View simulation results

In the Simulation Results tab, the Running Simulations panel exhibits the progress of ongoing
simulation (Figure 1.9). The ongoing simulations are displayed in ascending order by the launch

time. Click the icon “x” to delete the corresponding simulation.

Single-Agent Dose-Finding Designs with Toxicity Endpoint and Cohort Enrollment @ User Manual

Simulation Setup Simulation Results Decision Table MTD Estimation
I~* Running Simulations
Designs. # Scenarios Launch Time Progress

3+2, mTPI-2, CRM 6 2021-06-22 21:54:52 23% & x

Figure 1.9: Simulation progress in the Single-Agent Dose-Finding Designs with Toxicity End-

point and Cohort Enrollment module.

Once the simulations are completed, the Running Simulations panel in Figure 1.9 will disap-
pear, green “simulation result created” massages will appear instead and stay at the same place of
the Running Simulations panel unless explicitly dismissed by clicking the icon “x” at the end of
the corresponding row, and the simulation results will be automatically loaded into the Simulation
History panel (Figure 1.10), with the blue mail icon &4 shown to indicate new results. All the pre-
viously completed simulations are also listed in the Simulation History panel. Simulation results
for other modules can also be viewed under the Simulation History by dropping down the “Select
a Design Category” button (Figure 1.10). Click the (&) button to delete the selected simulation

results.
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Single-Agent Dose-Finding Designs with Toxicity Endpoint and Cohort Enrollment @ User Manual

Simulation Setup Simulation Results Decision Table MTD Estimation

1 simulation result created -- 2021-06-22 21:54:52 - 3+3, mTPI-2, CRM - 6 X

Simulation History
Selecta Design Category:  Single-Agt Dose-Finding - Tox Endpoint & Cohort Enrollment %

C: Single-Agent Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, R: Single-Agent Dose-Finding Design with Toxicity Endpoint and Rolling Enrollment, T: Single-Agent Dose-
Finding Design with Efficacy & Toxicity Endpoints and Cohort Enrollment, D: Dual-Agents Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, B: Basket-Trial Design, S: Subgroup
Enrichment and Analysis

e Clickthe E3 button to display simulation results.
e Clickthe ) button to import simulation settings into the Simulation Setup tab.
s Clickthe [ button to delete simulation results.

« Clickthe & button to download a report of simulation results in word or zip file that includes a protocol template with a statistical section incorporating simulation results.

Type Launch Time Duration Designs Labels #Scenarios Actions Version
20210622 008 &  3:3,mTPI2,CRM Z s D o & EB
100 3+3,m -2, \ -—
21:54:52 : ’ 1.1.0

Figure 1.10: Simulation Results in the Single-Agent Dose-Finding Designs with Toxicity End-

point and Cohort Enrollment module.

Click the button (&) to unfold the simulation results (Figure 1.11). The design settings are
firstly displayed at the top of each simulation study (Figure 1.11). Then the results of simulation are

shown as plots and tables below.

Type Launch Time Duration Designs Labels # Scenarios Actions Version
2021-06-22 - EB
00:00:09 343, MTPI-2, CRM Z 6 2 A
21:54:52 e ’ E S @ 110

Simulation Inputs:

Trial Params: Ngim=1000  Rgeeq=32432  pr=0.25

Design 1 (3+3) dstart=1

Design 2 (mTPI-2): dip=1 N=30 Ngoho=3 €1=0.05 €=0.05
Design 3 (CRM): dgat=1 N=30 Ngghor=3 6=0.05

Figure 1.11: View the simulation results in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Cohort Enrollment module.
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Details of the Simulation Results
The simulation results are divided into two parts, i.e, Simulation Result Summary and Tabulated

Results by Scenarios. Each part can be viewed or hidden by clicking the button for that part (Figure
1.12).

Simulation Outputs:
> Part A: Simulation Results Summary

v Part B: Tabulated Results by Scenarios

Scenario 1 Simulated Dose Escalation

4.317 11,646 11.991 1.093 2.38

Figure 1.12: View each part of the simulation results in the Single-Agent Dose-Finding Designs

with Toxicity Endpoint and Cohort Enrollment module.

Part A: Simulation Result Summary
There are four sections in the Simulation Result Plots:

A. Line plots showing five summary statistics of the simulation results for all the designs (Figure
1.13), including Prob. of Selecting MTD, Prob. of Toxicity, Prob. of Selecting Does-over-
MTD, Prob. of Overdosing Allocation, and Mean Squared Error, for each scenario.

B. A table of mean and standard deviation (s.d.) for the five summary statistics (Figure 1.14).

C. [Optional] An empirical CRM decision table if CRM is selected in the simulation (Figure
1.15).

D. [Optional] An empirical BLRM decision table if BLRM is selected in the simulation (Figure
1.16).

A. Line plots:
e The five summary statistics are part of operating characteristics of the designs. They are
explained in full detail next.
— Prob. of Selecting MTD: The probability of selecting the true MTD, defined as the

proportion of simulated trials that correctly select the true MTD. The higher the value,
the better the design.
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* For interval-based designs (i3+3, mTPI, mTPI-2, BLRM, & mCCD), the true MTDs
are defined as the dose levels of which the true toxicity probabilities fall into the
equivalence interval [pr — €1, pr + €2] ; if none of the doses have a toxicity prob-
ability that falls into the equivalence interval, the true MTD is defined as the dose
with the highest toxicity probability below pr. For the non-interval-based designs,
3+3 and CRM, the true MTDs is defined as the dose levels with the highest toxicity
probabilities lower than or equal to pr.

* To compare the operating characteristics of multiple designs submitted in a simula-
tion study, the definition of MTD should be unified. If any of interval-based designs
(1343, mTPI, mTPI-2, BLRM, & mCCD) are used in the simulation, the dose lev-
els of which the true toxicity probabilities fall into the widest equivalence interval
[pr — max{e; }, pr + max{es}] are defined as the true MTDs. Here, max{-} is
taken over the designs. If none of the doses fall in, the dose with the highest toxicity
probability that is below pr is the true MTD. For example, consider a case in which
users compare four designs, mTPI, mTPI-2, CRM and 3+3, in a simulation study
targeting pr = 0.3. Suppose €; = 0.02 and e = 0.05 for mTPI, and €; = 0.05 and
€2 = 0.03 for mTPI-2. In this case, the true MTD is the dose levels with toxicity
probabilities in [0.3-0.05, 0.3+0.05]; if none of the doses have a toxicity probability
in [0.3-0.05, 0.3+0.05], the dose with the highest toxicity probability lower than 0.3
is the true MTD.

* If a scenario does not have any MTD (e.g., all doses have toxicity probabilities
larger than the target pr), no selection is the right decision. In this case, the proba-

bility of selecting the true MTD is the probability of no selection.

Prob. of Toxicity: The proportion of patients who have experienced DLT across all
the simulated trials. The lower the number, the fewer patients having DLTs under the
design.

Prob. of Selecting Does-over-MTD: The probability of selecting the dose levels above
the true MTD, which is defined by the proportion of simulated trials that select a dose
higher than the true MTD at the end of the trial. The lower the value, the better the safety
of the design.

Prob. of Overdosing Allocation: The average proportion of patients who are assigned
to doses higher than the MTD by the design across all the simulated trials.

Mean Squared Error: The average mean squared error in the toxicity probability of
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selected MTD, across all the simulated trials, defined as the average squared distance
between the true toxicity probability of the selected dose, and the true toxicity probabil-
ity of the true MTD for each scenario across the simulations. The scenarios with no true
MTDs are excluded.
e For each line plot, the x-axis is the index of scenario and the y-axis is the value of summary
statistics. Lines with different colors represent different designs.
e The plots are interactive for better visualization.
— Hover the mouse on a dot and a box will display the value of each design at the corre-
sponding scenario (e.g. top left plot in Figure 1.13: Prob. of Selecting MTD).
— Hover the mouse on the design label to highlight the corresponding line and fade the
others (e.g. bottom right plot in Figure 1.13: Prob. of Overdosing Allocation).
— Click the design label to hide the corresponding line and click again to change it back

(e.g. top right plot in Figure 1.13: Prob. of Toxicity).
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W Part A: Simulation Results Summary

Prob. of Selecting MTD Prob. of Toxicity A il

cenario Indk Scenario Index

<O~ Design 1 (3+3) =O= Design 2(mTPI-2) =0~ Design 3 (CRM

Prob. of Selecting Dose-over-MTD Prob. of Overdosing Allocation M ol

. . .
1 2 3 4 4
Scenario Indk Scenario Index

" O~ Design 1 (3+3) O~ Design 2 (mTPI-2) ~O- Design 3 (CRM)

Mean Squared Error Ae ol

cenario Index

=0~ Design 1 (3+3) =+~ Design 2 (mTPI-2) =0~ Design 3 (CRM

Figure 1.13: Simulation result plots in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Cohort Enrollment module.

B. Simulation summary table: Figure 1.14 shows the mean+sd of the summary statistics across all
scenarios for each design.

C. CRM decision table:

An empirical CRM decision table will be provided in the simulation results if CRM is included
in the simulation (Figure 1.15). This table summarizes the frequency of decisions made by CRM

across all the simulated trials.
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Summary of Performance
Design 1(3+3) Design 2 (mTPI-2) Design 3 (CRM)
Prob. of Selecting MTD 0.493+0.226 0.578+0.229 0.572+0.123
Prob. of Toxicity 0.234+0.104 0.221+0.095 0.235+0.090
Prab. of Selecting Dose-over-MTD 0.130£0.100 0.104£0.076 0.217£0.148
Prob. of Overdosing Alloeation 03180373 0.314+0.369 0.342 £ 0.362
Mean Squared Error 0.014 +0.009 0.008 + 0.006 0.016 +0.019
* Mean + Standard Deviation

Figure 1.14: Simulation summary table in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Cohort Enrollment module.

e The lengths of the three colored bars in one cell represent the frequencies of the corresponding
dose-finding decisions. The longer the bar, the higher the frequency. For example, the cell
in the figure shows that CRM stay at the current dose 31.3% of the times when 2 out of 3

patients experience DLTs at a dose.

CRM Decision Table

This
-esponding combination of number o

le summarizes the frequency of d

Figure 1.15: CRM decision table in the Single-Agent Dose-Finding Designs with Toxicity End-

point and Cohort Enrollment module.

D. BLRM decision table:
An empirical BLRM decision table will be provided in the simulation results if BLRM is included
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in the simulation (Figure 1.16). This table summarizes the frequency of decisions made by BLRM

across all the simulated trials.

o The lengths of the three colored bars in one cell represent the frequencies of the corresponding
dose-finding decisions. The longer the bar, the higher the frequency. For example, the cell
in the figure shows that BLRM de-escalates to the previous lower doses 26.3% of the times

when 1 out of 3 patients experienced DLT.

BLRM Decision Table

Figure 1.16: BLRM decision table in the Single-Agent Dose-Finding Designs with Toxicity End-

point and Cohort Enrollment module.

22



Cytel

1.2. User Interface and Tutorial
1.2.3. Simulation Results

Part B: Tabulated Results by Scenarios

Full simulation results are presented in tabular format arranged by scenarios (Figure 1.17).

In the upper part of Figure 1.17, the first two columns summarize dose levels and their true
toxicity probabilities; the remaining columns report three dose-specific summary statistics from
the simulations: selection probability, average number of patients treated, and average number of

toxicities (i.e. DLTs), along with their standard deviations, at each dose level. Specifically, they are

1) Selection Prob.: The proportion of simulated trials that select each dose level as the MTD.

2) Average # of Patients Treated (s.d.): The average number of patients treated at each dose
level and its standard deviation.

3) Average # of Toxicities (s.d.): The average number of patients experienced DLT at each dose

level and its standard deviation.

The true MTD(s) of the scenario is(are) highlighted by the orange bar. For the definition of the
true MTD in the simulation results, please refer to the definition of Prob. of Selecting MTD in the

Simulation Results Plots above (after Figure 1.11).

In the lower part of Figure 1.17, more trial-specific summary statistics are reported, mainly
from five aspects: MTD Selection, Patient Assignment, Trial Toxicity, Trial Stopping and Trial
Sample Size. Click the “More” link to show the summary statistics of Trial Stopping and Trial

Sample Size and click the “Less” to collapse these results. Specifically, they are

e MTD Selection

— Prob. of Selecting MTD: The proportion of simulated trials that select the true MTD at
the end of the trial.

— Prob. of Selecting Does-over-MTD: The proportion of simulated trials that select the
doses higher than the true MTD at the end of the trial.

— Prob. of No Selection: The proportion of simulated trials in which none of the dose
levels are selected as the MTD. If a scenario does not have any MTD, this values is
treated as the probability of selecting the true MTD.

For detailed descriptions, please refer to Simulation Result Plots section above (after Figure
1.11).
o Patient Assignment

— Prob. of Correct Allocation (s.d.) : The average proportion of patients who are cor-
rectly assigned to the true MTD by the design across all the simulated trials and its
standard deviation.

— Prob. of Overdosing Allocation (s.d.) : The average proportion of patients who are
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assigned to doses higher than the MTD by the design across all the simulated trials and
its standard deviation.
o Trial Toxicity

— Prob. of Toxicity: The proportion of patients experiencing DLT across all the simulated
trials. For detailed descriptions, please refer to Simulation Result Plots section above
(after Figure 1.11).

e Trial Stopping

— Prob. of Early Stopping Trial due to Safety Rule: The proportion of simulated trials in
which the trial is stopped because the first dose level shows unacceptable toxicity.

— Prob. of Early Stopping Trial due to Reaching K': The proportion of simulated trials in
which the trial is stopped because the dose-assignment decision is to escalate/stay/de-
escalate to a dose level but that dose has enrolled at least K patients (K < n, e.g.,
K =12).

— Prob. of Stopping Trial due to Reaching n: The proportion of simulated trials in
which the trial is stopped because the total number of patients enrolled and treated in a
trial has reached or exceeded the pre-specified maximum sample size n.

e Trial Sample Size

— Average # of Patients Treated (s.d.): The average number of patients treated in the
simulated trials and its standard deviation. Due to early stopping, this number is lower
than or equal to n.

e Accuracy of Selected MTD

— Mean Squared Error: The mean squared error is the average squared distance between
the true toxicity probability of the selected dose and that of the true MTD across the
simulations. If the scenario has no true MTD, N/A is displayed.

When calculating the standard deviation, we use n;,, as the denominator instead of (1, — 1)

in East Bayes.
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Scenario 1

PT =0.3, ngim = 10000

Dose Level True Tox Prob.
1 015
z 03
3 0.45
4 0.6
5 0.75
MTD Selection*

Patients Assignment

Trial Toxicity

Trial Stopping**

Trial Sample Size

Accuracy of Selected MTD

W Part B: Tabulated Results by Scenarios

Selaction Prob.

Design 1 Design 2 Design 3 Design 4
(i343) (3+3) (miTPI-2) (mceD)
0.335 0.451 0.335 0.218
0.507 0.275 0.507 0.561
0.136 0.065 0.136 0.195
0.01 0.004 0.01 0.076

[} 0 ] 0

Prob. of Selecting MTD

Prob. of Selecting Dose-over-MTD

Prob. of Mo Szlection

Frob. of Correct Allocation (s.d)

Prab. of Overdosing Allocation (s.d.)

Prob. of Taxicity

Prob. of Early Stopping Trial due to Safety Rule

Prob. of Early Stopping Trial due to Reaching K

Prob. of Stopping Trial due to Reaching n

Average £ of Patients Treated (s.d.)

Mean Squared Error

* The row with orange background color indicates the true MTD.

Design 1
(i3+3)
10.195
(7.855)
13.048
(6.868)
5.559
(5.997)
0.899
(2417)
0.048
(0.475)

= For further details concerning Trial Stopping Rule, please refer to section 1.2.2 in the User Manual

Average # of Patients Treated (s.d.)

Design 2
(3+3)
5.03

(1.403)
4226

(2.341)
1.896

(2.502)
0.387

(1.265)
0.029

(0.339)

Design 3
(mTPI-2)

10.195
(7.855)

13.048
(6.868)

5.559
(5.997)

0.899
(2.417)

0.048
{0.475)

Design 1
(i343)

0.507

0.146

0.013

0.435
(0.229)

0.217
(0.244)

0.286

0.0107

0.9893

29.7489
(2.44329)

0.012

Design 4
(mceD)

9.902
(7.582)
12.907
(6.56)

5.885
(5.927)
1
(2.515)

0.056
(0.503)

Design 2
(3+3)

0.275

0.069

0.205

0.33
(0.178)

0.143
(0.194)

0.271

0.2054

11.5689
(4.36503)

0.017

Design 1
(i3+3)
153

(1.923)
3914

(2.476)
2.497

(2.478)
D.544

(1.361)

0.036
(0.341)

Design 2
(3+3)

0.745
(0.837)
1.286
(1.027)

0.844
(1.151)

0.235
(0.75)

0.021
(0.233)

Design 3
(mTPI2)

0.507

0.146

0.013

0.435
(0.229)

0.217
(0.244)

0.286

0.0107

09893

29.7489
(2.44329)

0.012

Simulated Dose Escalation

Average # of Toxicities (s.d)

Design 3
(miTPL-2)

1.53
(1.923)
3.914
(2.476)
2.497
(2.478)
0.544
(1.361)

0.036
(0.341)

Design 4
(moCD)

1.486
(1.846)

3.873
(2.47)

2.643
(2.459)

0.603
(1.42)

0.041
(0.363)

Design 4
(mOCD)

0.561

0211

0.011

0.43
{0.219)

0.231
{0.244)

0.291

0.0107

0.9893

29.7489
(2.44329)

0.011

Figure 1.17: Simulation result tables in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Cohort Enrollment module.
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1.2.3.2 Simulation trial examples

Users can visualize how a trial is conducted by clicking a “Simulated Dose Escalation” button at
the upper right corner of each simulation results table (Figure 1.17). The pop-up box (Figure 1.18)
shows the dose escalation process of two simulated trials for each design.

A red or green dot indicates a patient with or without DLT, respectively. Dots within the same
region of white or light blue background color indicate patients in the same cohort. The horizontal
red line indicates the dose level selected as the MTD at the end of the trial. The absence of the red

line indicates none of the dose levels is selected as the MTD.
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The upper chart displays the dose escalation process for the first
simulated trial and the lower chart for the last simulated trial.
The red dot indicates a patient experiencing DLT. The green dot
indicates a patient not experiencing DLT. Dots within the same
region of white or light blue background color indicate patients in
the same cohort.

The horizontal red line indicates the dose level selected as MTD. The
zbsence of the red line indicates none of the dose level was selected
as MTD.

Figure 1.18: Simulation trial examples in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Cohort Enrollment module.
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1.2.3.3 Restore simulation setup

Users can restore the simulation settings from the simulation results by clicking the button at
the upper right corner of each simulation results panel (yellow arrow in Figure 1.19). Upon clicking,
the display will switch to the Simulation Setup page with the same simulation settings restored.

This is useful to restore the old simulation settings for reproducible results.

Simulation Setup Simulation Results Decision Table MTD Estimation

Simulation History
Select a Design Category:  Single-Agt Dose-Finding - Tox Endpoint & Cohort Enrollment -

C: Single-Agent Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, R: Single-Agent Dose-Finding Design with Toxicity Endpoint and Rolling Enrollment, T: Single-Agent Dose-
Finding Design with Efficacy & Toxicity Endpoints and Cahort Enrollment, D: Dual-Agents Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, B: Basket-Trial Design, S: Subgroup
Enrichment and Analysis

e Clickthe E@ button to display simulation results.
e Clickthe ) button to import simulation settings into the Simulation Setup tab.

¢ Clickthe [ button to delete simulation results.

« Clickthe & button todownload a report of simulation results in word or zip file that includes a protocol template with a statistical section incorporating simulation regults.
Type Launch Time Duration Designs Labels # Scenarios Actions Version
c 52201636922 00:00:09 {343, mTPI, CRM 7 6 9 o X ?31 0
c igi;iizz 00:00:31 3+3, mTPI-2, BLRM 2 O o & i,o

Figure 1.19: Restore simulation setup and download simulation results in the Single-Agent Dose-

Finding Designs with Toxicity Endpoint and Cohort Enrollment module.

1.2.3.4 Download simulation results

There is a button at the upper right corner of each simulation results panel (green arrow in
Figure 1.19). Click it to download a word file, which includes four parts:

Part A: Complete simulation results under the designs and scenarios users added in the Sim-

ulation Setup tab;

Part B: Intelligent template(s) for the statistical section of i3+3 and/or mTPI-2 design in a trial

protocol, if users select 1343 and/or mTPI-2 in the Simulation Setup tab;

Part C: Detailed technical descriptions of the designs users added in the Simulation Setup tab;

Part D: Reference

Users may select the required parts and modify them tailored for their trials or contact us via email

(support@cytel.com) for consulting services.
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1.2.4 Decision Table

In the Decision Table tab, users can generate decision tables of five designs, i3+3, mTPI, mTPI-2,
mCCD, 3+3, and BOIN designs, to guide the dose escalation/de-escalation during trial conduct.
The CRM and BLRM designs do not provide decision tables before the trial is started. However, for
both designs, East Bayes provides empirical decision tables after launching simulations (§1.2.3.1).
Manually type in the maximum number of patients at a dose (n), target toxicity probability
(pr) and two small fractions (e; and e2) for decision table generation (Figure 1.21). Hover mouse
over each parameter, and a description will be displayed explaining the meaning of the parameter.

See detailed parameter descriptions in Table 1.3.

Single-Agent Dose-Finding Designs with Toxicity Endpoint and Cohort Enrollment ® User Manual
Simulation Setup Simulation Results Decision Table MTD Estimation

The decision tables can be generated for the i3+3, mTPI, mTPI-2, mCCD, 3+3 and BOIN designs, which can be used to conduct a phase | dose-finding trial. The CRM and BLRM designs do not
provide decision tables before the trial is started. However, for these designs we provide empirical decision tables after running simulations.

Generate

Figure 1.20: Input parameters in the Decision Table tab of Single-Agent Dose-Finding Designs

with Toxicity Endpoint and Cohort Enrollment module.

Click the “Generate” button to generate five decision tables for five different designs at the
same time (Figure 1.21). Users can click the tabs to switch between the tables for the i3+3, mTPI-2,
mTPI, mCCD, 3+3, and BOIN designs.

Click the “Download Decision Table” button to save the decision table of the corresponding
design in word (.docx).

For each decision table, the column represents the number of patients treated at a dose, which
is mostly used for the current dose, the dose currently being used to treat patients in the trial, and
the row represents the number of patients among those treated at that dose who have experienced
dose-limiting toxicity (DLT) events. Note that these are the counts of patients, not DLT events. For
example, column 3 and row 1 means that 3 patients have been treated at the current dose and 1 of
them experiences DLT. Each cell in the decision table provides the dose-assignment decision based
on the readouts from the corresponding row and column. For example, for column 3 and row 1, i.e.,

1 out of 3 patients experiences DLTs, the decision is “S”. The letters in the decision table represent
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Table 1.3: Input arguments in the Decision Table tab of Single-Agent Dose-Finding Designs with

Toxicity Endpoint and Cohort Enrollment module.

Notation | Parameters Description
n Number of pa- | The maximum number of patients to be treated at a dose. Here,
tients at a dose the upper limit is set at 30 since the number of patients that are

enrolled at a dose in phase I clinical trial is typically small.

prT Target  toxicity | The target toxicity probability of the maximum tolerated dose
probability (MTD). The main objective of phase I clinical trials is to find
the highest dose with a toxicity probability closest to or lower
than pr.
€1,69 €1: lower margin | Two small fractions used to define the equivalence/target inter-

(except €2: higher margin | val of the MTD. Any dose with a toxicity probability falling
BOIN) into the interval [pr — €1, pr + €3] is considered an acceptable
dose MTD. Default values for both are 0.05.

€1,€9 €1: lower margin | Two small fractions used to define the optimal interval and the
(BOIN) €2: higher margin | target probability. Here, e = pr — A1, €2 = A9 — pr where
(A1, A2) is the optimal interval minimizing the probability of
making an erroneous decision based on the initial equivalence

interval (¢1, ¢2). Default values for both are 0.05.
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| | w
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Figure 1.21: Decision tables generated in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Cohort Enrollment module.

different dose-assignment decisions as shown below:

e “E” stands for escalating to the next higher dose,

e “S” stands for staying at the current dose,

e “D” stands for de-escalating to the previous lower dose,

e “DU” stands for de-escalating to the previous lower dose and marking the current dose and
its higher doses as unacceptably toxic so that they will never be used again in the remainder
of the trial.

The 3+3 decision table is fixed regardless of different trial parameters. For CRM (or BLRM),
the decision table cannot be easily summarized since the dose-assignment decision under CRM (or
BLRM) for a given outcome (say, 1 DLT out of 3 patients) and a given dose are random, depending
on existing data in the entire trial including those at other doses. In other words, CRM (or BLRM)
could stay, escalate or de-escalate when 1 out of 3 patients having DLT at a dose, which makes
it impossible to provide a fixed decision table. Nevertheless, East Bayes provides empirical CRM
(or BLRM) decision table in the simulation section when CRM (or BLRM) is implemented in
simulation trials (§1.2.3.1).

[98]
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1.2.5 MTD Estimation

In the MTD Estimation tab, users can estimate the MTD for i3+3, mTPI and mTPI-2 designs based
on the isotonic regression through Pool Adjacent Violators Algorithm (PAVA), after the dose finding

is completed and the DLT outcomes of all patients are collected.

Specify the target toxicity probability (p7), and two small fractions to define the equivalence
interval (e; and e2) in the design. Select the number of doses (14,s) from the dropdown box,
then an editable table will be shown below on the page (Figure 1.22). Then manually type in the
observed number of toxicities (DLTs) and the number of patients treated at each dose into the table
and click the “Estimate” button to estimate the MTD. Finally, the estimated MTD is highlighted in

blue background as shown in Figure 1.23.

Hover mouse over each parameter, and a description will be displayed explaining the meaning

of the parameter. See detailed parameter descriptions in Table 1.4.

Single-Agent Dose-Finding Designs with Toxicity Endpoint and Cohort Enrollment @ User Manual
Simulation Setup Simulation Results Decision Table MTD Estimation

Based on the Pool Adjacent Violators Algorithm (PAVA), the MTD can be estimated when the trial is completed and data collected.

0.3 0.05 0.05 4 v
Dose Level 1 2 3
# of Toxicities (s.d.) 0 1 2 3
# of Patients Treated (s.d.) 3 3 12 3

Figure 1.22: Input parameters in the MTD Estimation tab of Single-Agent Dose-Finding Designs

with Toxicity Endpoint and Cohort Enrollment module.

Dose level 1 2

# of Toxicities (s.d.) 0 1 - 3

#of Patients Treated (s.d.) 3 3

The [lllé background represents the true MTD

Figure 1.23: MTD estimation in the Single-Agent Dose-Finding Designs with Toxicity Endpoint

and Cohort Enrollment module.
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Table 1.4: Input parameters in the MTD Estimation tab of Single-Agent Dose-Finding Designs

with Toxicity Endpoint and Cohort Enrollment module.

Notation Parameters Description
prT Target toxicity | The target toxicity probability of the maximum tolerated
probability dose (MTD). The main objective of phase I clinical trials
is to find the highest dose with a toxicity probability closest
to or lower than pp.
€1,€2 €1: lower margin | Two small fractions used to define the equivalence/target
€2: higher margin | interval of the MTD. Any dose with a toxicity probability
falling into the interval [pr — €1, pr + €2] is considered an
acceptable dose MTD. Default values for both are 0.05.
Ndose The number of | The number of candidate dose levels for investigation
doses
# of DLTs The number of pa- | A non-negative integer number of patients with DLT at
tients with DLTs | each dose level
at each dose level
# of patients | The number of pa- | A positive integer number of patients treated at each dose
tients treated at | level, which should be no less than the # of DLTs
each dose level
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1.3 Statistical Methods Review

1.3.1 The 3+3 Design

The 3+3 design (Storer, 1989) is a rule-based design which starts by allocating the first cohort
of patients to the starting dose (which is often the lowest dose level) and adaptively escalates/de-

escalates to the next dose level based on observed number of dose limiting toxicities (DLT's).

1.3.1.1 Design Algorithm

In 343, a maximum of six patients are allowed to be treated at any dose level, and the MTD is
defined as the highest dose for which one or fewer DLTs occurred in six patients. Its algorithm

proceeds as follows:

0. Start the trial by treating three patients at a prespecified starting dose level.
1. Escalate to the next higher dose or de-escalate to the previous lower dose according to the

following rules:

(a) If 0 of 3 patients has a DLT, escalate to next higher dose and treat three patients.
(b) If 2 or more of 3 patients have DLTs, de-escalate to previous lower dose and treat three
patients.
(c) If 1 of 3 patients has a DLT, treat three more patients at current dose level.
i. If 1 of 6 has DLT, escalate to next higher dose and treat three patients if the next
higher dose has not been tried; otherwise, declare it as the MTD and stop the trial.
ii. If 2 or more of 6 have DLTs, de-escalate to previous lower dose level and treat three
patients.
(d) If the trial de-escalates to previous lower dose:
i. Ifonly 3 or less had been treated at the previous lower dose, treat three more patients
at that dose.
ii. If six have already been treated at the previous lower dose, stop the trial and declare

the lower dose as the MTD.

2. Escalation never occurs to a dose at which two or more DLTs have already occurred.
3. If de-escalation occurs at the lowest dose, the trial is stopped.

4. Repeat steps 1-3 until either the MTD is identified or the trial is stopped for excessive toxicity.

The above algorithm can be summarized in Figure 1.24 (Yang et al., 2015).
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at dose i

/\.
L) ) £

Escalate to dose i +1 Enroll 3 more —a( >1DLTING | if;=1, stop the trial;
and repeat Step 1 patients at dose i patients If i 1, de-escalate to dose i -1

[ Step 1: treat 3 patientsJ

1DLTIin6 6 patients at 3 patients at
patients dose i-1 dose i -1
ni+1>0
- ¥
If dose i is the highest dose, stop the trial Stop the trial and Stop the trial and Enroll 3 more
and dose i is the MTD; Otherwise, dose i is the MTD dose i -1is the MTD patients at dose i -7

escalate to dose i+7 and repeat step 1

Figure 1.24: Schema of the 3+3 design.
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1.3.2 The Continuous Reassessment Method (CRM)

CRM is a Bayesian adaptive model-based design introduced in O’Quigley et al. (1990). It assumes
a parametric dose-response model in which the probability of toxicity monotonically increases with
dose. The estimated dose-response curve is updated after each patient’s toxicity data is observed,
and the dose closest to MTD is obtained from the updated dose toxicity curve. In the original CRM
(O’Quigley et al., 1990), it is possible to escalate by more than one dose level, which may result in
escalation to fairly high doses quite early. Goodman et al. (1995) proposed several practical rules

for the original CRM to reduce the risk.

1.3.2.1 Probability Model

Dose-response curve: Denote the dose levels as x4 for d = 1, ..., D, and the binary indicator of
DLT for the jth patient as Y; for j = 1,...,n. Let t; be the dose for patient j, and let p; = Pr(Y; =
1|t; = x4) be the toxicity probability of dose d. Consider a dose-response function pg = 1) (x4, 6)
representing the relationship between p; and x4, which includes a single parameter 6. Popular
choice of ¥ includes the power model, one-parameter logistic model, and hyperbolic tangent model
(Cheung, 2011). East Bayes uses a simple one-parameter power model:
0
pa = Y (po,a,0) = Pgﬁ)( ),
where (po 1, P02, - - ., Po,p) are pre-specified prior toxicity probabilities (‘skeletons’), which mono-

tonically increases with d. The skeletons reflect the initial guess of DLT probabilities.

Prior specification: Let g(6) be the prior distribution for 6, which reflects our knowledge of
the dose toxicity relationship before the trial begins. In East Bayes, we use the normal density
N(0,1.162) by default (Lee and Cheung, 2011). Other choices can be gamma or exponential den-
sity.

Estimate the probability of toxicity: Denote the accumulated toxicity data data = {(yq4,nq) :
d = 1,2,...,D}, where ng and y, are the total number of patients treated at dose d and the
corresponding number of patients having DLTs, respectively. Estimate the probability of toxicity pg

for dose level d by

B = ¥(po.g, E(6]data)), where E(6]data) — / ~ 0f(0ldata)ds, (0
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ford =1, ..., D, where f(f|data) is the posterior of § given by

D

f(8ldata) o TT ¢ (po.a, 6)** (1 = v (po.a, )" g(6).

d=1

Calibration of the ‘skeleton’ values: Lee and Cheung (2011) proposed a fast and systematic
approach for selecting the skeleton based on indifference intervals for the MTD. The approach
is imbedded in East Bayes by default, and users only need to specify the half-width () of the
indifference interval manually to estimate the skeleton.

Specifically, assume © = [by,bp41] is the parameter space (i.e. § € O) and H; = [b1, ba),
H; = [bg,bgy1) ford = 2,...,D — 1 and Hp = [bp,bpy1) where by is the solution for
Y(po,d—1,ba) + ¥ (po,d,ba) = 2pr ford = 2,...,D. Based on Lee and Cheung (2011), define
the half width of the indifference interval for the MTD (d) as

b — 1, b,
5, = Y (Po,d+1, d+1)2 Y(Po,d—1, d)’d: 9. D1

By specifying a common half-width indifference interval for all dose levels, that is 65 = d, the
skeletons pg 1, . .., po,p can be obtained recursively. Given a starting dose v, a target p7 and a prior
mean of § = 0, pp, can be obtained via backward substitution, i.e. pr = ¥ (po,0) = po,. The

remaining skeletons can be obtained by solving the following equations:

Y(po,d—1,ba) + ¥ (po,d, ba) = 2pr

Y(po,d—1,bd) = pr — 0

for d < v;

Y(po,d, ba+1) + V(Po,d+1,bat1) = 2pr
ford > v.

Y(pod+1,bd+1) =pr+0

East Bayes takes v = [D/2] as the prior guess of MTD by default.

1.3.2.2 Design Algorithm

Dose Finding Rules: Assume patients are enrolled in cohorts. After each cohort of patients
completes the DLT follow-up period, the dose to be assigned is the one that has the posterior mean
probability of toxicity closest to the target p7. In other words, the next cohort of patients is assigned

to dose d* = argmin, |pg — pr| where pg is the posterior mean of toxicity probability.

Additional safety rules: In East Bayes, three additional rules are applied for safety.
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[Rule 1: Dose Exclusion] If the current dose is considered excessively toxic, i.e., Prob{ps > pr |
data} > &, where the threshold ¢ is close to 1, say 0.95, the current and all higher doses will
be excluded and never be used again in the remainder of the trial to avoid any other patients
receiving treatment at those doses. An exception of Rule 1 is that when there is only 1 DLT
observed at a dose, the rule is not enforced.

[Rule 2: Early Stop] If the current dose is the lowest dose (first dose) and is considered excessively
toxic according to Rule 1, early stop the trial for safety.

[Rule 3: No-Skipping Escalation] Dose-escalation cannot happen by more than one level. That is,
suppose the current dose is d. If the next dose d* satisfies (d* — d) > 1, escalate to dose
(d + 1) instead.

[Rule 4: Coherence] Dose-escalation cannot happen when the empirical toxicity probability of the
new cohort of patients is larger than the target pr.

Here in Rules 1 and 2, Prob{p; > pr | data} is a function of the cumulative distribution of
beta(oo + ya, Bo +nq — yq)- In East Bayes, ag = 5o = 1 is used. Lastly, no escalation is permitted
if the empirical rate of DLT for the most recent cohort is higher than p7, according to the coherence

principle (Cheung, 2011).

Trial termination: The trial proceeds until any of the following stopping criteria is met:
1. If the prespecified maximum total sample size n is reached;
2. If the lowest dose shows excessive toxicity according to Rule 2; In this case, the trial is early
stopped and the MTD cannot be determined;
3. Optional: ad-hoc rules of maximum number of patients at a dose, denoted by K (K < n):

- If the CRM decision is “S”, to stay at the current dose, and the current dose level has
enrolled K patients;

- If the CRM decision is “E”, to escalate to the next higher dose, and the next higher dose
has enrolled K patients;

- If the CRM decision is “D”, to de-escalate to the previous lower dose, and the previous

lower dose has enrolled K patients.

MTD selection: Once all the enrolled patients complete the DLT observation and the trial is not
stopped early, the dose level d** is selected as the MTD with the smallest difference of [pg — pr|
among all safe doses d, where p is the posterior mean of toxicity probability for dose d. For CRM,

the MTD can be an untried doses as long as it does not exceed the highest tried dose.
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1.3.3 The Bayesian Logistic Regression Method (BLRM)

The Bayesian Logistic Regression Method (BLRM) is a model-based design proposed by Neuen-
schwander et al. (2008). BLRM improves upon CRM in that it offers a more flexible representation
of the dose toxicity relationship and accounts for the uncertainty associated with DLT probability
point estimation during dose finding. In BLRM, one classifies the posterior probability of toxicity
into four categories: under-dosing, targeted, excessive, and unacceptable toxicity, and calculates the
posterior probability of DLT rate falling into four corresponding intervals at each dose. The final
dose recommendation aims at maximizing the probability of targeted toxicity while controlling the
probability of excessive or unacceptable toxicity at a pre-specified threshold. Besides, BLRM can
also accommodate different conservatism for dose finding behavior through specification of a loss

function.

1.3.3.1 Probability Model

For a set of candidate doses d € {1,..., D}, where D is the number of doses, BLRM assumes a
two-parameter logistic model between dose levels x4 and the probability of DLT pg4, which is given

by
logit(pg) = log(ar) + Blog(xq/xg+), a>0,8>0

where x4+ is the reference dose, determined so that log(«) is the log-odds of toxicity when 24 =
x4+. East Bayes uses a default set of doses, 4 = 5 X d, and a default reference dose level x4-, the
ceiling of (D +1)/2. As aresult, users do not need to input the candidate doses and reference doses
manually on East Bayes. However, we offer customized service allowing input of these values upon

users’ requests.

1.3.3.2 Dosing Intervals and Selection

Probability intervals: Suppose the target probability of DLT is pr and BLRM divides the probabil-
ity interval (0, 1) into four categories: under-dosing pg € (co = 0, ¢1], target toxicity pg € (c1, ca),
excessive toxicity pg € (c2,cs] and unacceptable toxicity pg € (c3,cq4 = 1). After each patient
cohort is enrolled and toxicity data are observed, the posterior distribution of p, is used to calculate
the four probabilities of under-dosing, targeted, excessive and unacceptable toxicity. Based on the
four probabilities, the next dose will be selected depending on one of the following two methods:
minimize the Bayes risk or maximize the distance to the targeted toxicity probability subject to

escalation with overdose control (EWOC).
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Method 1: Minimize the Bayes risk A formal loss function is introduced to quantify the penalty

of ending up in each of the four aforementioned intervals:

61 if Pd € (0, Cl]
by if € (c1,c
L(0.2y) = 2 pa € (c1,c2]
l3 if  pq € (c2,c3]
by if pg € (e3,1)

Using the above loss function, one can calculate the Bayes risk = ¢; x Prob{pg € (0,c1] | Data}+
ly x Prob{pg € (c1,c2] | Data} + 3 x Prob{pq € (c2,c3] | Data} + €4 x Prob{pq € (c3,1) |
Data} and the dose minimizing the Bayes risk is selected as the next dose. In Neuenschwander
et al. (2008), three different loss functions are compared in terms of dose-escalation behavior: (i)
aggressive (‘1-0-1-1"), (ii) conservative (‘1-0-1-2’), and (iii) very conservative (‘1-0-2-4").
Depending on the compound and/or indication under study, the probability interval specifica-
tion and loss function should be tailored to the specific clinical setting. However, the specification
of loss function may be difficult and may complicate the interactions with clinical teams, thus the
dose recommendation approach below is often used instead of the actual Bayesian decision analytic

framework.

Method 2: Maximize the distance to the target toxicity probability subject to EWOC Babb
et al. (1998) proposed to select the dose for each cohort patients as the one that maximizes the
probability of targeted toxicity, i.e., Prob{pq € (c1,c2] | Data} subject to the constraint that the
probability of overdosing (i.e., excessive and unacceptable toxicity) does not exceed a predefined
threshold ppwoc. That is, choose the dose level subject to the constraint Prob{p; € (c2,1) |
Data} < pepwoc.

East Bayes adopts the second method for dose recommendation by default, except that the
targeted interval is defined as (c; = pp — €1, 2 = pr + €3] to make it consistent with settings in
mTPI and mTPI-2 designs.

1.3.3.3 Posterior and Prior

Prior Specification: Model parameters 8 = («, 3)’ follow a multivariate log-normal prior 7(8),

given by

1 2
log(0) = o8(e) ~ MVN H , % ¢ ,where ¥ = 71 p<71202 )
log(8) 142 po1o2 03
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where “MVN” stands for a multivariate normal distribution. Let 7 = (u1, p2, 01, 092, p) be the
hyperparameter set of the model. In East Bayes we use the quantile-based non-informative prior
calculator proposed by Neuenschwander et al. (2008) to obtain the values of 7.

The hyperparameter calculation process is based on a set of quantiles for the probabilities
of toxicity that are derived from minimally informative unimodal beta distributions. Here, a beta
distribution X ~ beta(a,b) is defined as a minimally informative unimodal distribution, given a
prespecified quantile ¢(p) of the prior distribution, if (i) Prob{X < ¢(p)} =p,({i)a >1orb>1
(or both), and (iii) a+b minimal. For a given prior quantile ¢(p), the parameters and the quantiles of
a minimally informative unimodal beta distribution can be easily obtained. If ¢(p) > p, beta(a, 1)
is minimally informative unimodal if a = In(p)/In{q(p)}. Alternatively, if ¢(p) < p, beta(1,b) is
minimally informative unimodal if b = In(1 — p)/In{1 — ¢(p)}. Specifically, the following steps

are used for this prior distribution specification:

1. Obtain the set of prior quantiles () for the distribution of p;. In East Bayes, we summarize
prior information at a given dose using the median, 2.5%-th and 97.5%-th percentiles, denoted
by ¢a = {44(2.5%), q4(50%), ¢a(97.5%)}.

(a) For the lowest dose d = 1, the prior probability of exceeding a certain threshold ¢; (¢1)
is ¢1. In East Bayes, the following default values will be used: Prob{p; > 0.4} = 5%,
i.e. for the lowest dose the probability of excessive toxicity will be set to be 5 percent.

(b) For the highest dose d = D, the prior probability of falling below a certain threshold
gp(¢2) is ¢2. In East Bayes, the following default values will be used: Prob{pp <
0.2} = 0.05, i.e. for the highest dose the probability of under-dosing will be set to be 5
percent.

(c) Assuming a minimally informative unimodal beta distribution in (a) and (b) leads to
prior medians for the probabilities of toxicity p; and pp, say u1 = ¢1(50%) and pup =
qp(50%).

(d) Prior medians p1, ..., up are assumed to be linear in log-dose on the logit scale. This
decides the minimally informative unimodal beta distributions for each dose d.

(e) For each dose d, two quantiles (2.5% and 97.5%) is derived using minimally informative
unimodal beta distributions with prior medians equal to pig.

(f) Therefore, a set of D x 3 quantiles are obtained, denoted by Q@ = {qux} with qg =
qi(mr), d=1,2,...,D, k =1,2,3, where m; = 2.5%, mo = 50% and w3 = 97.5%.

2. For the two-parameter logistic model the above constructed quantiles () are then compared

with the quantiles Q' coming from the bivariate normal prior distribution. We will minimize
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the following criteria:

C(Q?Ql):%akX|Qdk_Q?dk|’d:1727""D7k:]‘7273'

)

The minimization of C'(Q, Q') leads to the optimal parameter for the prior distribution n =
(p1, po, 01, 02, p), which can be achieved by a stochastic optimization using a Metropolis
algorithm (Robert and Casella, 2013).

Posterior Calculations: The dose selection process described above requires the calculation of

the posterior probability Prob{p, € (c¢i—1,¢;| | Data}, for i = 1,2, 3,4, which is calculated with

respect to
e i1 ya(log(a)+Blog(wa/z4+))
W(O ‘ y7n7$) X X 770(9)‘
ngl(l + elog(@)+Blog(za/z 4+ ) na
where n = {ny,...,np} and y = {y1,...,yp} are observed toxicity data, ny and y4 are the

number of patients treated and having DLTs at the dose d, respectively. Let Data = (n,y), and x =
{z1,...,xp} are candidate dose levels. Using Markov chain Monte Carlo (MCMC) simulation, the
posterior inference is made based on the posterior samples drawn for («, 3) via Metropolis-Hastings

algorithm.

1.3.3.4 Design Algorithm

Dose Finding Rules: Assume patients are enrolled in cohorts. After each cohort of patients
completes the DLT evaluation period, the dose to be assigned by BLRM is the one that has the largest
posterior probability being at the targeted interval, i.e., Prob{py € (pr — €1,pr + €2] | Data}

subject to the constraint that the probability of overdosing does not exceed a predefined threshold

PEWOC, 1.e., Prob{pq € (pr + €2,1) | Data} < prwoc.

Additional safety rules: In East Bayes, three additional rules are also applied for safety.

— [Rule 1: Dose Exclusion] If the current dose is considered excessively toxic, i.e., Prob{pq >
pr | Data} > &, where the threshold ¢ is close to 1, say 0.95, the current and all higher doses
will be excluded and never used again in the remainder of the trial.

— [Rule 2: Early Stop] If the current dose is the lowest dose (first dose) and is considered
excessively toxic, i.e., Prob{p; > pr | Data} > &, where the threshold ¢ is close to 1, say
0.95, stop the trial early for safety.

Besides, if all doses violate the EWOC rule, the trial will also be terminated early with no

MTD selected before the prespecified maximum sample size is reached.

42



Cytel

1.3. Statistical Methods Review
1.3.3. The Bayesian Logistic Regression Method (BLRM)

— [Rule 3: No-Skipping Escalation] Dose escalation cannot increase by more than one level,
although dose de-escalation can (Goodman et al., 1995). That is, suppose the current dose is
dose level d. If the next dose d* satisfies (d* — d) > 1, escalate to dose (d + 1) instead.

Here in Rules 1 and 2, Prob{p; > pr | Data} is a function of the cumulative distribution of
beta(oy + ya, Bo + na — ya), and ag = Py = 1 is used in East Bayes by default, where y4 and ng

are the number of patients treated and the number of DLTs at the dose d.

Trial termination: The trial proceeds until any of the following stopping criteria is met:
1. If the prespecified maximum total sample size is reached;
2. If the lowest dose shows excessive toxicity according to Rule 2; In this case, the trial is
stopped early and the MTD cannot be determined;
3. Optional: ad-hoc rules of maximum number of patients at a dose, denoted by K (K < n):

- If the BLRM decision is “S”, to stay at the current dose, and the current dose has
enrolled K patients;

- If the BLRM decision is “E”, to escalate to the next higher dose, and that next higher
dose has enrolled K patients;

- Ifthe BLRM decisionis “D”, to de-escalate to the previous lower dose, and that previous

lower dose has enrolled K patients.

MTD selection: Once all the enrolled patients complete the DLT observation and the trial is
not stopped early, the dose level d** is selected as the MTD which maximizes the posterior prob-
ability of toxicity rate falling into the targeted interval i.e., d** = argmax,_; _p Prob{ps €

(pr — €1, pr + €2] | Data} among all doses that are used and do not violate the EWOC rule.
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1.3.4 The Modified Toxicity Probability Interval (mTPI) Design

This section describes the modified toxicity probability interval (mTPI) design proposed by Ji et al.
(2010). The mTPI design is an extension of the toxicity probability interval (TPI) method (Ji et al.,
2007), which uses a simple Bayesian hierarchical model and a decision framework for dose finding.

The mTPI design starts from the specification of three intervals: the under-dosing interval
(0, pr — €1), the proper dosing interval (pr — €1, pr + €2) and the over-dosing interval (pr + €2, 1).
Unlike the CRM and BLRM, which assumes a parametric curve to model the dose-toxicity response,
the mTPI uses a simple beta-binomial model to estimate the toxicity probability and makes the
decisions of dose escalation and de-escalation based on the unit probability mass (UPM) of the three
intervals. At the end, mTPI selects the dose of which the isotonic transformed toxicity probability

is the closest to the target pr as the MTD.

1.3.4.1 Probability Model

Consider a phase I trial with D candidate doses for escalation. Let pi,...,pp denote the true
toxicity probabilities for doses d = 1, ..., D. The observed data include n4, the number of patients
treated at dose d, and y4, the number of patients experiencing a toxicity. Let Data = {(y4,nq);d =
1,2,...,D}.

The mTPI design employs a simple beta-binomial hierarchical model as follow:

Yd | nd, pa ~ binomial(ng, pq)

Pa ~ beta(av ﬁ)

The posterior distribution of pg is given by

Pd | Yd, na ~ beta(a + yq, B+ ng — ya)- (1.2)

In East Bayes, we adopt the prior beta(1, 1) for pg, because it would lead to slightly conservative

posterior inference as the prior mean is 0.5, which is usually above pr.

1.3.4.2 Dosing Intervals

The under-dosing interval is defined as (0, pr — €1 ), the over-dosing interval as (pr + €2, 1), and the
equivalence interval as (pr — €1, pr+¢€2) for proper dosing, where €; and €, are small fractions, such
as 0.05, to account for the uncertainty around the true target toxicity pr. The three dosing intervals

are associated with three different dose-finding decisions. The under-dosing interval corresponds
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to a dose escalation (E), the over-dosing interval corresponds to a dose de-escalation (D), and the

equivalence interval corresponds to staying (S) at the current dose.

1.3.4.3 Dose Finding Rules

Given an interval and a probability distribution, define the UPM of that interval as the probability
of the interval divided by the length of the interval. The mTPI design calculates the UPMs for the
three dosing intervals, and the one with the largest UPM implies the corresponding dose-finding
decision. That decision provides the dose level to be used for future patients. More specifically,
given the current dose level d, the mTPI conducts the following steps for dose assignment for the

future patients.

1. Compute the UPM for each of the three toxicity probability intervals as follows:

Prob{pq € (pr + €2,1) | Data}

UPM(D), =
D 1—(pr +e2) ’
Prob - Dat
UPM(S), — Lrobipa € (pr eli,iwrez) | Data}
Prob 0,pr — 1) | Dat
=

Here, the numerator in UPM calculation, Prob{-} is calculated according to the beta posterior
distribution in (2.1).
2. Select one of the following actions: “E”, “S” or “D” corresponding to the highest UPM of

each toxicity interval. That is, the dose decision is given by

M* = argmax UPM(M),.
Me{D,S,E}

In other words,
- Escalate to dose (d+ 1), if UPM(E); > UPM(S); and UPM(E); > UPM(D),,

- Stay at dose d, if UPM(S),; > UPM(E),; and UPM(S), > UPM(D),,

- De-escalate to dose (d — 1), if UPM(D); > UPM(E); and UPM(D),; > UPM(S),.
For example, if the under-dosing interval has the largest UPM, decision M* = E will be

executed and the next cohort of patients will be treated at the next higher dose level (d + 1).

Ji et al. (2010) and Guo et al. (2017b) have shown that the above UPM-based decision rules
correspond to the Bayes’ rule under a formal Bayesian decision theoretic framework, if we use the

uniform prior for py.
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Figure 1.25: An example of mTPI decision table generated via East Bayes. The target toxicity
probability p = 0.3, and the equivalence interval (EI) is (0.25,0.35) for up to 18 subjects. Each
column represents (n) number of subjects treated at the current dose and each row represents (y)
number of subjects with DLTs at the dose level. Each cell in the table provides the dose-finding
decision based on the readouts from the corresponding row (y) and column (n). The letters in the

decision table represent different dose-assignment decisions.

The mTPI design pre-calculates all the dose-finding decisions in advance, allowing investiga-
tors to examine the decisions before the trial starts. See Figure 1.25 for an example. Therefore,
mTPI exhibits the same simplicity and transparency as rule-based methods like 3+3. The decision

table can be generated via East Bayes under module Decision & MTD.

1.3.4.4 Design Algorithm

The mTPI algorithm proceeds as follows:
1. At each dose level, treat a cohort of patients, with the first cohort at a prespecified starting
dose.
2. After all patients in each cohort complete the DLT evaluation, the dose-finding decision for

the next cohort will be determined according to the following rules:
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(a) Compute the posterior probability of excessive toxicity at the current tried dose, i.e.,
Prob{ps > pr | Data} which is a function of the cumulative distribution of beta(cg +

Yd, Bo + ng — yaq), similar in (2.1). In East Bayes, oy = By = 1 is used.

i. [Additional Safety Rule 1: Dose Exclusion] If the current dose is considered ex-
cessively toxic, i.e., Prob{py > pr | Data} > £, where the threshold ¢ is close
to 1, say 0.95, the current and all higher doses will be excluded and never be used
again in the remainder of the trial to avoid any other patients receiving treatment at
those doses. An exception of Rule 1 is that when there is only 1 DLT observed at a
dose, the rule is not enforced.

Also, at that time, the decision is “D”, to de-escalate to previous lower dose.
ii. [Additional Safety Rule 2: Early Stop] If the current dose is the lowest dose and

considered excessively toxic according to Rule 1 in i, early stop the trial for safety.

(b) If the trial is not stopped early, assign the next cohort of patients to the dose according
to the decision table or the procedures in Section 1.3.4.3.

(c) If the dose-assignment decision is “E” but the next higher dose has been excluded by
Rule 1, continue to enroll the next cohort at the current dose instead.

(d) If the dose-assignment decision is “E” and the current dose is the highest dose, continue
to enroll the next cohort at the current dose instead.

(e) If the dose-assignment is “D” and the current dose is the lowest dose, continue to enroll

the next cohort at the current dose instead.
3. Repeat steps 1-2, stop the trial when any of the following conditions is satisfied:

(a) If the prespecified maximum total sample size is reached;
(b) If the lowest dose shows excessive toxicity according to Rule 2; In this case, the trial is
early stopped and the MTD cannot be determined;
(c) Optional: ad-hoc rules of maximum number of patients at a dose, denoted by K (K <
- If the mTPI decision is “S”, to stay at the current dose, and the current dose has
enrolled K patients;
- Ifthe mTPI decision is “E”, to escalate to the next higher dose, and that next higher
dose has enrolled K patients;
- If the mTPI decision is “D”, to de-escalate to the previous lower dose, and that

previous lower dose has enrolled K patients.
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1.3.4.5 MTD Selection

Once all the enrolled patients complete the DLT observation and the trial is not stopped early, an
isotonic regression (Ji et al., 2010; Ivanova, Anastasia and Wang, Kai, 2000) is used to select the

MTD based on the observed DLT data from all the dose levels. Follow the steps below:

1. Compute the isotonically transformed posterior means of DLT probabilities for all the dose

levels in the following two steps.

(a) Using the accumulated safety information about y; and ng ford = 1,..., D, compute
the posterior mean and variance for all the dose levels, {p1,--- ,pp} and {v1, -+ ,vp}.
Here in East Bayes, an independent prior beta(0.005,0.005) is used to compute the
posterior mean and variance.

(b) Compute isotonic regression estimates of the posterior mean by solving the optimization
problem, minimizing ZdDzl(ﬁd — Pa)?/va subject to p; > Py, for j > k. Such opti-
mization can be done using the pooled adjacent violators algorithm (PAVA) (Robertson,
1988), the estimated DLT probabilities satisfying the order constraint is obtained, de-
noted by {p1,- - ,Pp}-.

2. Among all the tried doses for which Prob{pg > pr | Data} < § and pg < pr + €2, select
as the estimated MTD the dose with the smallest difference |py — pr|. That is, the estimated
MTD is d* = argming |pg — pr|-

3. In case of a tie (i.e., two or more doses have the smallest difference),

(a) If there is at least one dose lower the target pr among all the tied doses, choose the

highest dose among those as the estimated MTD;

(b) Otherwise, choose the lowest dose among the tied doses as the estimated MTD.
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1.3.5 The Modified Toxicity Probability Interval-2 (mTPI-2) Design

This section describes the modified toxicity probability interval-2 (mTPI-2) design proposed by Guo
et al. (2017b). The mTPI-2 improves the mTPI design by blunting the Ockhams razor that leads to
some statistically sound but ethical challenging decisions in mTPI. For example, when py = 0.3
and 3 out of 6 patients experience DLTs at a dose, the mTPI decision is “S”, stay at the current
dose and enroll more patients. Such a decision may be considered too aggressive. To this end,
mTPI-2 constructs a series of dosing interval with equal length to guide the dose escalation and
de-escalation, mitigating the effect of interval length in the mTPI design. Otherwise, the model, the

design algorithm, and the MTD selection are the same as those in mTPI in Section 1.3.4.

1.3.5.1 The effect of Ockham’s razor in mTPI

The mTPI design has been shown to be simple, transparent, and superior to the 3+3 design (Ji and
Wang, 2013; Yang et al., 2015). However, some decisions in mTPI may be debated in practice. For
example, when the target toxicity probability pr = 0.3, and 3 out of 6 patients treated at a dose
experience DLT events, mTPI would suggest “S”, stay at the current dose and enroll more patients
to be treated at the dose. Since the empirical rate is 3/6, or 50%, oftentimes one would argue that the
more desirable decision should be D, de-escalate to the next lower dose level. Another case is when
pr=0.3 and 2 out of 9 patients experience DLT events at a dose, mTPI would suggest S as well.
Investigators could argue that the decision should be E, escalation since the empirical rate is 2/9,
or 22%. Guo et al. (2017b) noted that these decisions are due to the Ockham’s razor (Jefferys and
Berger, 1992), which is a Bayesian principle that prefers parsimonious models in model selection.
The mTPI design treats the three intervals as three models, and penalizes models based on the model
size which is the length of each interval. Figure 1.26 gives an example of the effect of the Ockham’s
razor in mTPI. Statistically speaking, there is nothing wrong with the Ockham’s razor in mTPI as the
Bayesian inference takes into account the model complexity when choosing the optimal decision.
However, for human clinical trials patient safety often outweighs statistical optimality. To this end,
mTPI-2 modifies the decision theoretic framework and blunt the Ockham’s razor, which leads to

practically desirable decision rules.
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Figure 1.26: An example demonstrating the effect of the Ockham’s razor in mTPI. Shown is the
posterior density of p; when x4 = 3 and ngy = 6. Even though the shape of the density suggests that
dose d might be above the MTD, e.g., the posterior mode is to the right of the equivalence interval
(shown as the two vertical bars), the UPM for decision “S” (stay) is still larger than that of the UPM
for decision D (de-escalate). Therefore, mTPI would still choose to “Stay” despite that the shape of
the posterior density of pg indicates otherwise. This is due to the larger size (longer length) of the

interval Mp than Mg and the Ockham’s razor, which prefers the smaller model Mg.
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1.3.5.2 Dose Finding Rules

The basic idea in mTPI-2 is to divide the unit interval (0, 1) into subintervals with equal length,
given by (€1 + €2). This results in multiple intervals with the same length except for the boundary
intervals, see Figure 1.27. For clarify, denote EI the equivalence interval (pr — €1, pr + €2), and
LI a set of intervals below EI, and HI a set of intervals above EI. For example, when pr = 0.3 and
€1 = €3 = 0.05, the EI = (0.25,0.35), the LI intervals are

LI = {M = (0.15,0.25), MI* = (0.05,0.15), MET = (0,0.05)},
and the HI intervals are

HI = {M{"1 = (0.35,0.45), MIT = (0.45,0.55), MF! = (0.55,0.65), M1 = (0.65,0.75),
MHT = (0.75,0.85), MF! = (0.85,0.95), M1 = (0.95,1)}.

Other than the boundaries (0, 0.05) and (0.95, 1), all the intervals have the same length. The bound-
aries do not affect the decision making since they are clearly associated with “E” and “D” decisions,
respectively. See Guo et al. (2017b) for details.

The dose finding rules are given as follows:

- If the equivalence interval M B — (pr — €1, pr+ €2) has the largest UPM, it is selected as the
winning interval and dose-assignment decision of mTPI-2 is “S”, to stay at the current dose.

- If any interval M ]LI in LI has the largest UPM, it is selected as the winning interval and
dose-assignment decision of mTPI-2 is “E”, to escalate to the next higher dose.

- If any interval M ,f T'in HI has the largest UPM, it is selected as the winning interval and

dose-assignment decision of mTPI-2 is “D”, to de-escalate to the previous lower dose.

In Figure 1.27, for the same posterior density corresponding to yg = 3 and ng = 6, interval M2H I
exhibits the largest UPM and therefore the decision is now “D”. Note that the same decision theoretic
framework as mTPI is in place except that now there are multiple intervals corresponding to “D”
or “E”, and the intervals all have the same length except the boundary ones, thereby blunting the
Ockham’s razor.

The same as mTPI, all the dose-finding decisions of mTPI-2 can be pre-tabulated in advance,
allowing investigators to examine the decisions before the trial starts. see Figure 1.28 for an ex-
ample. And the decision table can also be generated via East Bayes under module Decision &
MTD.
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Figure 1.27: An example demonstrating the new framework of mTPI-2. Here, EI is the equivalence

interval (pp — €1, pr+¢€2), and LI denotes the intervals below EI, and HI denotes the intervals above

EI. Interval Mf I exhibits the largest UPM and therefore the decision is now “D”, to de-escalate.
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Figure 1.28: An example of mTPI-2 decision table generated via East Bayes. The target toxicity
probability pr = 0.3, and the equivalence interval (EI) is (0.25,0.35) for up to 18 subjects. Each
column represents (n) number of subjects treated at the current dose and each row represents (y)
number of subjects with DLTs at the dose level. Each cell in the table provides the dose-finding
decision based on the readouts from the corresponding row (y) and column (n). The letters in the

decision table represent different dose-assignment decisions.

1.3.5.3 The Keyboard Design

The Keyboard design is proposed by Yan et al. (2017), which is based on the same construction
as the mTPI-2. In the Keyboard design, the sub-intervals are called “keys” and the key associated
with the largest posterior probability is chosen to guide the dose-assignment decisions. When the
intervals are with equal-length, the winning interval with the largest posterior probability is the
same as the interval with the largest UPM. Therefore, the keyboard design is the same as the mTPI-
2 design.
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1.3.6 The i3+3 Design

The i3+3 design is a rule-based design for finding the maximum tolerated dose (MTD) proposed by
Liu et al. (2020). The i3+3 design defines an equivalence interval (EI) [pr — €1, pr + €3] with the
target probability of toxicity pr and two small fractions, €; and €3, and allocates the next cohort of
patients based on the relationship between toxicity rate observed on the current cohort of patients
and the equivalence interval. Similar to the 3+3 design, i13+3 is rule-based but assumes that toxicity
increases with dose. It has been demonstrated to perform as good as major model-based designs and
is flexible enough to accommodate different target toxicity probability as well as different cohort
sizes (Liu et al., 2020).

1.3.6.1 Design Algorithm

Dose finding rules: Suppose dose d is currently used in the trial to treat patients, and y, patients
have experienced dose limiting toxicities (DLTs) out of ng patients that have been treated. Based
on EI, the 13+3 design identifies the appropriate dose for the next cohort of patients according to the
following five simple rules, which accounts for the variability in the observed toxicity data (y4 and

ng) for each dose.

Current dose: d, No. enrolled: n4, No DLTSs: g4
Condition Decision Next dose level
7% below EI Escalation(E) d+1
Z—Z inside EI Stay(S) d
Z—‘; above EI and % below EI Stay(S) d
Z—‘Z above EI and % inside EI De-escalation(D) d—1
Z—Z above EI and % above EI De-escalation(D) d—1

Here, a value is below the EI means that the value is smaller than (py — €1), the lower bound of
the EIL. A value is inside the EI means that the value is larger than or equal to (py — €1 ) but smaller
than or equal to (pr + €2). A value is above the EI mean that the value is larger than (pr + €2), the
upper bound of the EI. All potential decisions based on the above set of rules could be pre-tabulated
in advance via East Bayes under module Decision & MTD, allowing investigators for examination
before the trial starts. See Figure 1.29 for an illustration. When d is the highest dose or lowest dose,

the above rules are modified as special cases:

— If the current dose is the highest dose, and Z—Z is below the EI, stay (“‘S”) instead of escalating

(“E”) because there is no dose to escalate to.
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Figure 1.29: An example of i3+3 decision table generated via East Bayes. The target toxicity
probability pr = 0.3, and the equivalence interval (EI) is (0.25, 0.35) for 18 subjects. Each column
represents (n) number of subjects treated at the current dose and each row represents (y) number of
subjects with DLT's at the dose level. Each cell in the table provides the dose-finding decision based
on the readouts from the corresponding row (y) and column (n). The letters in the decision table

represent different dose-assignment decisions.

— If the current dose is the lowest dose, and 1% is above the EI, stay (“S”) instead of potentially

de-escalating (“D”) because there is no dose to de-escalate to.

Safety rules: Following the mTPI and mTPI-2 design (Ji et al., 2010; Ji and Wang, 2013; Guo

et al., 2017b), two safety rules are added as ethical constraints to avoid excessive toxicity:

— [Rule 1: Dose Exclusion] If the current dose is considered excessively toxic, i.e., Prob{pgs >
pr | Data} > &, where the threshold € is close to 1, say 0.95, the current and all higher doses
are excluded and never be used again in the remainder of the trial. An exception of Rule 1 is
that when there is only 1 DLT observed at a dose, the rule is not enforced.

— [Rule 2: Early Stop] If the current dose is the lowest dose (first dose) and is considered

excessively toxic according to Rule 1, early stop the trial for safety.

5
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In safety Rules 1 and 2, Prob{p; > pr | Data} is a function of the cumulative beta distribution
beta(ao+yq, Bo+nqg—yq), and ag = Sy = 1is used in East Bayes by default. And if i3+3 decision
based on the current dose is “E”, i.e., Z—Z is below the EI, while the next higher dose level (d+ 1) has
been declared excessive toxicity and been excluded, stay (“S”) instead of escalating (“E”) because

there is no available dose to escalate to.

Trial termination: The trial proceeds until any of the following stopping criteria is met:

1. If the prespecified maximum total sample size n is reached;
2. If the lowest dose shows excessive toxicity according to Rule 2; In this case, the trial is early
stopped and the MTD cannot be determined;

3. Optional: ad-hoc rules of maximum number of patients in one dose, denoted by K(K < n):

- Ifthe i3+3 decision is “S”, to stay at the current dose, and the current dose has enrolled
K patients;

- Ifthe i3+3 decision is “E”, to escalate to the next higher dose, and that next higher dose
has enrolled K patients;

- Ifthe i3+3 decision is “D”, to de-escalate to the previous lower dose, and that previous

lower dose has enrolled K patients;

1.3.6.2 MTD Selection

Once all the enrolled patients complete the DLT observation and the trial is not stopped early, the
MTD selection under the i3+3 design follows the same procedure as in the mTPI and mTPI-2 design
(Ji et al., 2010; Ji and Wang, 2013; Guo et al., 2017b). Follow the steps below:

1. Compute the isotonically transformed posterior means of DLT probabilities for all the dose

levels in the following two steps.

(a) Using the accumulated safety information about y; and ng ford = 1,..., D, compute
the posterior mean and variance for all the dose levels, {p1,--- ,pp} and {v1, -+ ,vp}.
Here in East Bayes, an independent prior beta(0.005,0.005) is used to compute the
posterior mean and variance.

(b) Compute isotonic regression estimates of the posterior mean by solving the optimization
problem, minimizing ZdDzl(ﬁd — Pa)?/va subject to p; > P, for j > k. Such opti-
mization can be done using the pooled adjacent violators algorithm (PAVA) (Robertson,

1988), the estimated DLT probabilities satisfying the order constraint is obtained, de-
noted by {p1,--- ,Pp}.
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2. Among all the tried doses for which Prob{p; > pr | Data} < £ and pg < pr + €2, select
as the estimated MTD the dose with the smallest difference |py — pr|. That is, the estimated
MTD is d* = argming [pg — pr|-

3. In case of a tie (i.e., two or more doses have the smallest difference),

(a) If there is at least one dose lower the target pr among all the tied doses, choose the

highest dose among those as the estimated MTD;

(b) Otherwise, choose the lowest dose among the tied doses as the estimated MTD.
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1.3.7 The Modified Cumulative Cohort Design (mCCD)

The cumulative cohort design (CCD) was formally proposed by Ivanova et al. (2007), which is
also an interval-based design. But unlike the mTPI and mTPI-2 designs (in Sections 1.3.4 and 1.3.5,
respectively) which calculate the posterior probability that the toxicity rate p, falls into each interval
and decide the decision based on a formal Bayesian decision framework, the CCD design just relies
on the point estimate py and compares it with the equivalence interval boundaries, (pr — €1) and
(pr + €2). In East Bayes, we construct a modified CCD (mCCD) design, which follows the same
concept for dose finding as CCD, except that we add some other safety rules. The mCCD design is
not published and is adopted by Cytel Inc.

1.3.7.1 Probability Model

Consider a phase I trial with D candidate doses for escalation. Let pi,...,pp denote the true
toxicity probabilities for doses d = 1, ..., D. The observed data include n4, the number of patients
treated at dose d, and y4, the number of patients experiencing a toxicity. Let Data = {(y4, nq);d =
1,2,...,D}.

The CCD design simply uses the empirical point estimate pg = y4/nq as the estimation of

toxicity rate py for dose level d.

1.3.7.2 Dosing Intervals

The mCCD design prespecifies three toxicity probability intervals: the under-dosing interval (0, pp—
€1], the equivalence interval (pr — €1, pr + €2), and the over-dosing interval [pr + €2, 1), where €;
and €7 are small fractions, such as 0.05, to account for the uncertainty around the true target toxi-
city. The three dosing intervals are associated with three different dose-escalation decisions. The
under-dosing interval corresponds to a dose escalation (E), the over-dosing interval corresponds to

a dose de-escalation (D), and the equivalence interval corresponds to staying at the current dose (S).
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Figure 1.30: An example of mCCD decision table generated via East Bayes. The target toxicity
probability pr = 0.3, and the equivalence interval (EI) is (0.25,0.35) for up to 18 subjects. Each
column represents (n) number of subjects treated at the current dose and each row represents (y)
number of subjects with DLTs at the dose level. Each cell in the table provides the dose-finding
decision based on the readouts from the corresponding row (y) and column (n). The letters in the

decision table represent different dose-assignment decisions.

1.3.7.3 Dose Finding Rules

Suppose the current dose level is d, the mCCD applies the same concept for dose finding as CCD,

that is, uses the equivalence interval as the boundaries for thresholding the estimate py. Specifically,

1. Escalate to dose (d+1), if pg € (0,pr — e1],ie., if ya/ng < pr — €1,
2. Stay at dose d, if pg € (pT — €1,pr + 62), ie,if pr—e < yd/nd < pr + €9,

3. De-escalate to dose (d — 1), if pg € (pr + €2, 1], i.e.,if yq/ng > pr + €.
The decision table based on the above rules can be generated via East Bayes before the begin-

ning of the trial for investigators to examine. see Figure 1.30 for an example.

W
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1.3.7.4 Design Algorithm

The mCCD algorithm is similar as mTPI, which proceeds as follows:
1. At each dose level, treat a cohort of patients, with the first cohort at a prespecified starting
dose.
2. After all patients in each cohort complete the DLT evaluation, the dose-assignment decision

for the next cohort will be determined according to the following rules:

(a) Compute the posterior probability of excessive toxicity at the current tried dose, i.e.,
Prob{pq > pr | Data} which is a function of the cumulative Beta distribution Beta(ag+
Yd, Bo + ndg — yaq)- In East Bayes, ag = 5y = 1 is used.

i. [Additional Safety Rule 1: Dose Exclusion] If the current dose is considered ex-
cessively toxic, i.e., Prob{pq > pr | Data} > £, where the threshold ¢ is close to
1, say 0.95, the current and all higher doses are excluded and never be used again
in the remainder of the trial. Following the original paper, we only enforce this rule
for BOIN and mCCD when the number of subjects assigned to the dose is more
than 2.
Also, at that time, the decision is “D”, to de-escalate to previous lower dose.

ii. [Additional Safety Rule 2: Early Stop] If the current dose is the lowest dose and

considered excessively toxic according to Rule 1 in i, early stop the trial for safety.

(b) If the trial is not stopped early, assign the next cohort of patients to the dose according
to the decision table or the procedures in Section 1.3.7.3.

(c) If the dose-assignment decision is “E” but the next higher dose has been excluded by
Rule 1, continue to enroll the next cohort at the current dose instead.

(d) If the dose-assignment decision is “E” and the current dose is the highest dose, continue
to enroll the next cohort at the current dose instead.

(e) If the dose-assignment is “D” and the current dose is the lowest dose, continue to enroll

the next cohort at the current dose instead.
3. Repeat steps 1-2, stop the trial when any of the following conditions is satisfied:

(a) If the prespecified maximum total sample size is reached;

(b) If the lowest dose shows excessive toxicity according to Rule 2; In this case, the trial is
early stopped and the MTD cannot be determined;

(c) Optional: ad-hoc rules of maximum number of patients at a dose, denoted by K(K <
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- If the mCCD decision is “S”, to stay at the current dose, and the current dose has
enrolled K patients;

- If the mCCD decision is “E”, to escalate to the next higher dose, and that next
higher dose has enrolled K patients;

- If the mCCD decision is “D”, to de-escalate to the previous lower dose, and that

previous lower dose has enrolled K patients.

1.3.7.5 MTD Selection

Once all the enrolled patients complete the DLT observation and the trial is not stopped early, an
isotonic regression (Ji et al., 2010; Ivanova, Anastasia and Wang, Kai, 2000) is used to select the

MTD based on the observed DLT data from all the dose levels. Follow the steps below:

1. Compute the isotonically transformed posterior means of DLT probabilities for all the dose

levels in the following two steps.

(a) Using the accumulated safety information about y,; and ng ford = 1,..., D, compute
the posterior mean and variance for all the dose levels, {p1,--- ,pp} and {v,--- ,vp}.
Here in East Bayes, an independent prior Beta(0.005,0.005) is used to compute the
posterior mean and variance.

(b) Compute isotonic regression estimates of the posterior mean by solving the optimization
problem, minimizing ZdD:l(ﬁd — Pa)?/va subject to p; > py, for j > k. Such opti-
mization can be done using the pooled adjacent violators algorithm (PAVA) (Robertson,
1988), the estimated DLT probabilities satisfying the order constraint is obtained, de-
noted by {p1,--- ,pp}-

2. Among all the tried doses for which Prob{ps > pr | Data} < &, select as the estimated
MTD the dose with the smallest difference |py — pr|. That is, the estimated MTD is d* =
argming |pg — pr|.

3. In case of a tie (i.e., two or more doses have the smallest difference),

(a) If there is at least one dose lower the target pr among all the tied doses, choose the

highest dose among those as the estimated MTD;

(b) Otherwise, choose the lowest dose among the tied doses as the estimated MTD.
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1.3.8 The Bayesian Optimal Interval Design (BOIN)

Liu and Yuan (2015b) extended CCD and developed the BOIN design, with local and global BOIN
as two versions. The authors stated that BOIN is an improvement of CCD since it uses interval
boundaries that are optimal based on an objective function. In the local BOIN design, based on a
user-provided initial equivalence interval (1, ¢2), an optimization procedure is defined to minimize
an objective function that is claimed to be the probability of making an erroneous decision. Then
the optimal values of equivalence interval boundaries are obtained and denoted as A\; and 2. The
BOIN design first examines if py falls into one of the three intervals (0, A\1], (A1, A2), and [Ag, 1),
and escalates to dose (d + 1), stays at dose d, or de-escalates to dose (d — 1), accordingly.

In other words, the BOIN design uses the same concept for dose finding as the CCD design,
except BOIN changes the original user-provided boundary ¢1 2 to A1 2 based on an optimization
criterion. And Liu and Yuan (2015a) showed that (A1, A2) is always nested in the original interval
(¢1, ¢2) under local BOIN. In contrast, the mTPI (mTPI-2) and mCCD designs do not have the \s
and use the user-provided ¢’s values for decision making. See Figure 1.31 for an illustration (Ji and
Yang, 2017). As the Figure 1.31 shows, there is a gap between the s and the user-provided ¢’s
values in BOIN’s decision making. The gap is small enough to be ignorable when the sample size
is small. And BOIN performs well in terms of operating characteristics of safety and reliability in
phase I trials.

In East Bayes, we implement the local BOIN design as recommended by Liu and Yuan(2015).
Instead of specifying the initial equivalence interval (¢, ¢2), we ask users to directly provide €1,
€2, where (A1 = pr — €1, A2 = pr + €2) is the optimal interval for decision making. Therefore,
designs like BOIN, mCCD, mTPI (mTPI-2) would use the same equivalence interval for decision
making as long as they share the same target probability pr and the €1, €5 values. Users can click

the “Compute” button to retrive the ¢ and ¢o values from the specified €1, €o.

1.3.8.1 Probability Model

Consider a phase I trial with D candidate doses for escalation. Let pi,...,pp denote the true
toxicity probabilities for doses d = 1, ..., D. The observed data include n4, the number of patients
treated at dose d, and y4, the number of patients experiencing a toxicity. Let Data = {(y4,nq);d =
1,2,...,D}.

The BOIN design uses the empirical toxicity rate pg = yq/n4 as the estimation of toxicity rate

pq for dose level d. This is the same as the CCD and i3+3 designs.
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Figure 1.31: A graphical illustration between the decision frameworks under the mTPI (mTPI-2)

and the BOIN design. Under mTPI, the two probability boundaries ¢1 = pr — a and ¢po = pr + b

are elicited from the clinicians and treated as known. Under BOIN, the two ¢; and ¢4 values are

also elicited from clinicians, but not used for decision making. Instead, two new values, A; and

Ao are derived based on an optimization procedure and used for decision making. There is a gap

on each side of the pr (right panel) due to the optimization process, and the gap is independent of

sample size.
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1.3.8.2 Optimal Interval

Denote the initial lower and upper bound of the equivalence interval for pr as ¢ and ¢, which are
elicited from clinicians. Suppose dose d is currently administered in the trial. In the BOIN design,

the optimal interval (A1, A2) minimizing the probability of making an erroneous decision are given

by
)\1=log(i:z;) /log( ((i ;f;;)
)\2=log<i:2;€> /log( T((l pT;)

1—¢o

In East Bayes, we let €; = pr — A1 and €2 = Ay — pp. Given pr, €1, and €3 , ¢1 and ¢2 could
be conversely computed numerically using the equations above.

The BOIN design uses three toxicity probability intervals: the under-dosing interval (0, A], the
equivalence interval (A1, A2), and the over-dosing interval [\y, 1) for three different dose-escalation
decisions. The under-dosing interval corresponds to a dose escalation (E), the over-dosing interval
corresponds to a dose de-escalation (D), and the equivalence interval corresponds to staying at the

current dose (S).

1.3.8.3 Dose-Finding Rules

Suppose the current dose level is d, BOIN uses the optimal equivalence interval (A1, A2) as the

boundaries for thresholding the estimate p,4. Specifically,
1. Escalate to dose (d+1), if pg e (0, 1], 1e.,if yi/ng < A1,

2. Stay at dose d, if pg € (/\1, )\2), ie., if A\ < yd/nd < Ag,
3. De-escalateto dose (d —1), if pg € [Ao,1),1e.,if yz/ng > Ao.
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Figure 1.32: An example of BOIN decision table for 18 subjects generated via East Bayes. The
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target toxicity probability pr = 0.3, and the optimal equivalence interval (A1, A2) is (0.25,0.35),
and hence €; = ez = 0.05. Each column represents (n) number of subjects treated at the current
dose and each row represents (y) number of subjects with DLTs at the dose level. Each cell in the
table provides the dose-finding decision based on the readouts from the corresponding row (y) and

column (n). The letters in the decision table represent different dose-assignment decisions.

The decision table based on the above rules can be generated via East Bayes before the begin-

ning of the trial for investigators to examine. see Figure 1.32 for an example.
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1.3.8.4 Design Algorithm

The BOIN algorithm is similar to mCCD, which proceeds as follows:
1. At each dose level, treat a cohort of patients, with the first cohort at a prespecified starting
dose.
2. After all patients in each cohort complete the DLT evaluation, the dose-assignment decision

for the next cohort will be determined according to the following rules:

(a) Compute the posterior probability of excessive toxicity at the current tried dose, i.e.,
Prob{pq > pr | Data} which is a function of the cumulative beta distribution Beta(ao+
Yd, Bo + ndg — yaq)- In East Bayes, ag = 5y = 1 is used.

i. [Additional Safety Rule 1: Dose Exclusion] If the current dose is considered ex-
cessively toxic, i.e., Prob{ps > pr | Data} > &, where the threshold ¢ is a
probability close to 1, say 0.95, the current and all higher doses are excluded and
never be used again in the remainder of the trial. Following the original paper, we
only enforce this rule for BOIN and mCCD when the number of subjects assigned
to the dose is more than 2.

Also, at that time, the decision is “D”, to de-escalate to previous lower dose.
ii. [Additional Safety Rule 2: Early Stop] If the current dose is the lowest dose and

considered excessively toxic according to Rule 1, stop the trial for safety.

(b) If the trial is not stopped in (a), assign the next cohort of patients to the dose according
to the decision table or the procedures in Section 1.3.7.3.

(c) If the dose-assignment decision is “E” but the next higher dose has been excluded by
Rule 1 in(a), continue to enroll the next cohort at the current dose instead, i.e., the
decision is changed to “S”.

(d) If the dose-assignment decision is “E” and the current dose is the highest dose, continue
to enroll the next cohort at the current dose instead, i.e., the decision is changed to “S”.

(e) If the dose-assignment is “D” and the current dose is the lowest dose, continue to enroll

the next cohort at the current dose instead, i.e., the decision is changed to “S”.
3. Repeat steps 1-2; stop the trial when any of the following conditions is satisfied:

(a) If the prespecified maximum total sample size is reached;
(b) If the lowest dose shows excessive toxicity according to Rule 2; In this case, the trial is
early stopped and the MTD cannot be determined;

(c) Optional: ad-hoc stopping rules of maximum number of patients at a dose, denoted by
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K(K < n): In any of the following cases, stop the trial
- If the BOIN decision is “S”, to stay at the current dose, and the current dose has
enrolled K patients;
- Ifthe BOIN decisionis “E”, to escalate to the next higher dose, and that next higher
dose has enrolled K patients;
- If the BOIN decision is “D”, to de-escalate to the previous lower dose, and that

previous lower dose has enrolled K patients.

1.3.8.5 MTD Selection

Once all the enrolled patients complete the DLT observation and the trial is not stopped early, an
isotonic regression (Ji et al., 2010; Ivanova, Anastasia and Wang, Kai, 2006) is used to select the
MTD based on the observed DLT data from all the dose levels. Follow the steps below:

1. Compute the isotonically transformed posterior means of DLT probabilities for all the dose

levels in the following two steps.

(a) Using the accumulated safety information about y; and ng ford = 1,..., D, compute
the posterior mean and variance for all the dose levels, {p1,--- ,pp} and {v1, -+ ,vp}.
Here in East Bayes, an independent prior Beta(0.005,0.005) is used to compute the
posterior mean and variance.

(b) Compute isotonic regression estimates of the posterior mean by solving the optimization
problem, minimizing ZdDzl(ﬁd — Pa)?/vq subject to p; > Py, for j > k. Such opti-
mization can be done using the pooled adjacent violators algorithm (PAVA) (Robertson,

1988), the estimated DLT probabilities satisfying the order constraint is obtained, de-
noted by {ﬁla T 7]§D}‘

2. Among all the tried doses for which Prob{ps > pr | Data} < &, select as the estimated
MTD the dose with the smallest difference |py — pr|. That is, the estimated MTD is d* =
argmin [pg — pr|.

3. In case of a tie (i.e., two or more doses have the smallest difference), denote the trial value as
P
(a) If p* <= pr, choose the highest dose among the tied doses as the estimated MTD;

(b) Otherwise, choose the lowest dose among the tied doses as the estimated MTD.
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2.1 Introduction

Phase I oncology dose-finding trials assign cancer patients to ascending doses of a new investiga-
tional drug (or drug combinations) and adaptively decide the dose level of newly enrolled patients
based on observed binary dose-limiting toxicity (DLT) outcomes. The goal is to determine the max-
imum tolerated dose (MTD) of the drug(s), defined as the highest dose that has a toxicity probability
less than or close to a prespecified target rate pp. Popular statistical designs, such as the 3+3 (Storer,
1989), CRM (O’Quigley et al., 1990), mTPI-2 (Guo et al., 2017b), and i3+3 (Liu et al., 2020) de-
signs described in the Single-Agent Dose-Finding Designs with Toxicity Endpoint and Cohort
Enrollment module, typically enroll patients in cohorts, follow the enrolled cohort for a certain
time period (e.g. 28 days), and apply sequential decisions that determine the dose level for each
cohort based on the observed toxicity data. Accrual is suspended after enrollment of each cohort of
patients until all the patients in the current cohort have been fully followed with definitive DLT or
non-DLT outcomes. This type of cohort-based designs can be inefficient, especially if the trial needs
to be frequently suspended. See Skolnik et al. (2008) and Doussau et al. (2016) for discussion. For
example, subsequent patients can be turned away during accrual suspension, resulting in waste of
precious patient resource. In addition, trial duration is prolonged due to the suspensions.

To shorten the study duration of phase I trials and reduce the number of accrual suspensions,
this module describes a number of rolling-enrollment designs, which allows concurrent patient en-
rollment that is faster than cohort-base enrollment.

Besides the operating characteristics in terms of the safety and reliability reported in the Single-
Agent Dose-Finding Designs with Toxicity Endpoint and Rolling Enrollment module, this mod-

ule enables users to compare the trial duration based on real-life settings, which are characterized as
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three user-input parameters, the mean inter-patient arrival time, the maximum DLT follow-up time,
and the probability of inevaluability (such as drop off) of enrollment patients. The procedure of
simulating patients enrollment and evaluation is described in details in Section 2.3.1.

Hereinafter, the terms “Enrollment” and “Accrual” are used interchangeably.
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2.2 User Interface and Tutorial

2.2.1 Overview

Upon entering the Single-Agent Dose-Finding Designs with Toxicity Endpoint and Rolling En-
rollment page, three main tabs are presented: Simulation Setup, Simulation Results, and MTD
Estimation. The first two tabs allow users to conduct simulations and visualize/download simula-
tion results, and the last tab allows users to estimate the MTD. In the Simulation Setup tab, there
are four steps (Figure 2.1): 1) Set enrollment parameters, 2) Set trial parameters, 3) Select de-
signs, and 4) Generate scenarios. Users need to complete all four steps to set up simulations for
a single or multiple designs. Upon completion, users click the “Launch Simulation” button at the
bottom of the page. Users may also click the “Reset” button next to “Launch Simulation” to clear
all settings. After the simulation is launched, the results of simulations will be displayed in the Sim-
ulation Results tab. Simulation progress can be monitored in real time at the top of the Simulation

Results tab. Detailed steps of using this module are described in §2.2.2-§2.2.4,
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Figure 2.1: Simulation setup in the Single-Agent Dose-Finding Designs with Toxicity Endpoint

and Rolling Enrollment.
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2.2.2 Simulation Setup

In the Single-Agent Dose-Finding Designs with Toxicity Endpoint and Rolling Enrollment
module, East Bayes provides six designs, 3+3, mTPI-2, Rolling 6, R-TPI, PoD-TPI and TITE-
CRM. Users can choose up to four designs for simultaneous comparison in the Simulation Setup
tab. In application messages will prompt the user if the setup is not complete and more fields re-
quire values prior to launching the simulation(s) Requests to allow more than four designs to be

simultaneously compared can be made by emailing support@cytel.com.

2.2.2.1 Step 1: Set enrollment parameters

Specify the maximum follow-up time (7’fo10uw—up)> Mean interpatient arrival time (MI1AT), in-
evaluable rate (/ R), and the distribution of time to DLT for the simulation. See Figure 2.2. If the
Weibull distribution is selected for the time to DLT, two parameters of the Weilbull distribution, «
and ~ can be specified. The detailed explanation of the above three input arguments is provided in

Table 2.1. The technical details of simulating patients enrollment are provided in §2.3.1.

Step 1: Set enrollment parameters @

0.5 0.5

Figure 2.2: Set enrollment parameters in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Rolling Enrollment.
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Table 2.1: Input arguments for enrollment parameters in the Single-Agent Dose-Finding Designs

with Toxicity Endpoint and Rolling Enrollment.

Notation Parameters Description

Tt oliow—up The maximum | The DLT observation period for each patient in the trial

follow-up time (days). The default value is 21 days.

MIAT Mean interpatient | The mean chronologic time (days) for a patient to arrive in
arrival time the clinic and be eligible for study. The default value is 10

days.
IR Inevaluable rate The proportion of patients who entered the trial and received

the treatment, but dropped out due to non-DLT related event

when being followed. The default value is 0.1.

a,y The two parame- | If a DLT occurs within the assessment window, with proba-

ters of the Weibull | bility « it occurs within the last fraction «y of the follow-up

distribution time period. The default values are both 0.5.

73



Cytel

Module 2. Single-Agent Dose-Finding Designs with Toxicity Endpoint and Rolling Enrollment

2.2.2.2 Step 2: Set trial parameters

Specify the target toxic probability (p7), number of simulations (74, ), and random seed of simula-

tion (Rgeeq) for the simulated trials. See Figure 2.3. A detailed explanation of the above three input

arguments is provided in Table 2.2.

0.3

Step 2: Set trial parameters @

32432

Figure 2.3: Set trial parameters in the Single-Agent Dose-Finding Designs with Toxicity End-

point and Rolling Enrollment.

Table 2.2: Input arguments for trials in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Rolling Enrollment.

Notation Parameters Description
pT Target  toxicity | The target toxicity probability of the maximum tolerated
probability dose (MTD). The main objective of phase I clinical trials
is to find the highest dose with a toxicity probability closest
to or lower than pp. The default value is 0.3.
Nsim The number of | The maximum number of simulated trials allowed is 10,000.
simulated trials The default value is 10.
Rgeeq The random seed | A random seed is a number used to initialize a pseudoran-
of simulation dom number generator in the simulation. The default value
is 32432.
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2.2.2.3 Step 3: Select designs

To select a design, click the button bearing the design’s name on it. Up to four design configurations
may be selected for comparison. For example, one could choose a design with four different sample
sizes or four designs with the same sample size.

When setting the sample size n for the PoD-TPI, mTPI-2, R-TPI and TITE-CRM designs, two
options are provided: 1) match with 343, if a 3+3 design is selected; 2) manually input. Check the
“Match with 3+3” box to use the average sample size of the selected 3+3 design as the maximum
sample size n for any none 343 designs. If two or more 343 design configurations are selected,
East Bayes chooses the first 3+3 design in the design list as the benchmark. A 3+3 design must be
selected first in order to check the “Match with 3+3” box. Figure 2.4 presents an example where the
mTPI-2, 3+3, Rolling 6 and R-TPI designs are selected, with the sample size of mTPI-2 matching
3+3’s, and the sample size of R-TPI being a manually input value, 30.

For the mTPI-2 and 3+3 designs, check the “Apply Decision in Advance” box to apply a modi-
fied and faster version of each designs. The modified designs use the following rules in dose finding:
If unobserved toxicity responses of any enrolled patients in the current cohort have no influence on
the decision of dose escalation, an early dose assignment decision will be made immediately without
waiting for the patients that are still being followed without no definitive outcomes.

Design parameters can be modified in the input box. See detailed parameter descriptions in
Table 2.3.

Click the “Delete” button to remove the selected designs.

Click the “Apply” button for each designs before launching simulations.
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Step 3: Select designs

PoD-TPI | mTPI-2 | 3+3 | Rolling6 | RTPI | TITE-CRM

33 @
datart™L
Edit Delete
mTPI-2 @
deae=l  n=matchwith3+#3  n_, =3  £=0.05 ,=0.05

Edit Delete
Rollingé @
FJsgan=l
Edit Delete
RTPI ®

deuy™l  N=30 =005  £,=0.05 (=6

Edit Delete

Figure 2.4: Select designs in the Single-Agent Dose-Finding Designs with Toxicity Endpoint

and Rolling Enrollment.
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Table 2.3: Input parameters for designs in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Rolling Enrollment.

Notation Parameters Description
dstart Starting dose level | The starting dose level in the simulated trials. The default
(all designs) value is 1.
n Sample size The maximum number of patients to be treated in the trial.
(mTPI- The upper limit is set at 100 since the number of patients
2, R-TPI, that are enrolled in phase I clinical trial is typically small.
PoD-TPI, The default value is 30.
TITE-CRM)
€1,€2 €1: lower margin | Two small fractions used to define the equivalence/target
(mTPI- €2: higher margin interval of the MTD. Any dose with a toxicity probability
2, R-TPI, falling into the interval [pr — €1, pr + €2] is considered an
PoD-TPI) acceptable dose of MTD. The default values for both are
0.05.
Neohort Cohort size The number of patients in each cohort. The default value
(mTPI-2, is 3. For 343, the cohort size is 3 by default, and for the
PoD-TPI) Rolling 6 and R-TPI designs, there is no concept of cohort
size and patients are enrolled as needed except if enroll-
ment is suspended by the design .
C The maximum | The maximum number of pending patients allowed in the
(R-TPI, number of pending | trial without observed outcomes. It can be provided by
TITE-CRM) | patients allowed in | users to control the enrollment speed. For the Rolling 6
the trial design, C'is 6 by default.
TE,TD The thresholds of | If the posterior probability of escalation is less than 7,
(PoD-TPI) the decision proba- | escalation is not allowed and the trial is suspended. If the
bilities in the sus- | posterior probability of de-escalation is higher than 7p,
pension rules stay is not allowed and the trial is suspended. The default
values are 1 and 0.15.
) Half-width The halfwidth of the indifference interval in selecting the
(TITE-CRM) skeleton of the model. The default value is 0.05.

77




Cytel

Module 2. Single-Agent Dose-Finding Designs with Toxicity Endpoint and Rolling Enrollment

2.2.2.4 Step 4: Generate scenarios

There are two ways to generate scenarios, automatically (in below Auto Generation tab, see Figure
2.5) or through manual construction (in below Manual Construction tab, see Figure 2.6). Once
scenarios are generated, click the “Launch Simulation” button at the bottom of the page to run
the ng;m (set in step 1) simulations, for each scenario and the selected design(s) (set in step 2)

combination, assuming pr (set in step 1) is the target for the MTD.

Auto Generation (Figure 2.5)

Select the number of doses n4pse (3 < Ngose < 10) from the dropdown box. Upon clicking the
“Generate” button, five or six scenarios will be created automatically, each of which contains the true
toxicity probabilities for ng4,s. dose levels. These generated scenarios are displayed and editable.

The detailed algorithm for scenarios auto generation is provided next.

Manual Construction (Figure 2.6)
Follow the instructions below to manually construct scenarios. Then click the “Add” button to

create these scenarios. The format of input must comply with the following instructions.

e Scenarios are separated by line breaks;
e Each scenario consists of a set of true toxicity probabilities for all dose levels;
e The true toxicity probabilities must be separated by a white space or comma.

e There should be at least three doses for each scenario.

For example, by inputting “0.05 0.1 0.15 0.2” or “0.05,0.1,0.15,0.2”, a scenario is presented with
true toxicity probabilities of four dose levels, 0.05, 0.1, 0.15 and 0.2.

The generated scenarios are displayed as a list (Figures 2.5 and 2.6) which appears below the
generation section. The generated scenarios are editable by clicking the edit icon @ An interactive
chart will also be generated to visually display the shape of true toxicity probabilities for each

scenario.
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Step 4: Generate scenarios @
Auto Generation Manual Construction
Ndose
5 s Generate
True toxicity probabilities of dose levels for each scenario

0.8

0.7

0.6

0.5

0.4

03e — > pt=03

0.2

0.1

0r
1 2 3 4 5
True toxicity probabilities of dose levels
Delete
Index Edit 1 2 3 4 5 All
1 74 0.15 0.3 0.45 0.6 0.75 W
2 74 0.08 0.16 0.24 0.3 0.38 0]
3 74 0.06 0.12 0.18 0.24 0.44 W
4 74 0.05 0.1 0.15 0.2 0.25 o]
5 @ 0.27 0.37 0.47 0.57 0.67 m
Launch Simulation Reset

Figure 2.5: Automatically generate scenarios in the Single-Agent Dose-Finding Designs with

Toxicity Endpoint and Rolling Enrollment module.
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Step 4: Generate scenarios @

Auto Generation Manual Construction

Follow the instructions below to manually construct scenarios. Then click the "Add" button to create these scenarios.
o Each scenario occupies one line and each parameter must be separated by a COMMA or WHITE SPACE. It must be provided in the format below

Pdosel , Pdose2 ------

Pdose1 represents the true toxicity probability of dose 1, etc.
o Multiple scenarios must be separated by line breaks. For example, two scenarios, each with 4 doses, are shown in the input box below.
o There should be at least three doses per scenario.

0.05,0.1,0.15,0.2
0.1,0.2,03,0.5

Add
True toxicity probabilities of dose levels for each scenario

0.5

0.4

0.3 pt=03

0.2

0.1

0r )
1 2 3 4
True toxicity probabilities of dose levels v

Index Edit 1 2 3 a All
1 © 0.05 0.1 0.15 0.2 W
2 74 0.1 0.2 0.3 0.5 W

Launch Simulation Reset

Figure 2.6: Manually generate scenarios in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Rolling Enrollment module.
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Algorithm for Auto Generation

By entering the number of candidate dose levels ng,s., five or six scenarios are generated

automatically. See Figure 2.7 for an illustration. They represent the four types of dose-response

shapes below.

Types Dose-Response Shape

Ideal Some doses are tolerable but some are overly toxic, AND
there exists at least one dose level close to the target pr or falling within the equiva-
lence interval [pp — €1, pr + €2].

Safe All doses are safe and tolerable with the true toxicity probabilities lower than the
target pr or the lower bound of the equivalence interval (pr — €1).

Toxic All doses are overly toxic with the true toxicity probabilities higher than the target
pr or the upper bound of the equivalence interval (pr + €2).

Steep Some doses are tolerable but some are overly toxic, AND

there is a steep jump in the toxicity probability between two adjacent doses, AND
there is no dose close to the target pp or falling within the equivalence interval [py —

617pT+€2]'

Two “Steep” scenarios are generated, with the toxicity probability steep jump occurring at the

first or second half of the doses. Similarly, two “Ideal” scenarios might be generated, with the MTD

placed in the first or second half of the doses. This depends on the number of doses. When the

number of doses is greater than 6, two scenarios of “Steep” and “Ideal” will be generated.
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Auto Generation Manual Construction

ndex dit
1 @
2 g
3 @
4 @
5 @
6 @

Generate

True toxicity probabilities of dose levels for each scenario

0.13

0.06

0.04

0.25

0.13

0.08

0.5

0.08

True toxicity probabilities of dose levels

0.38

0.19

0.13

4

0.5

0.25

0.17

0.63

0.31

0.21

Delete

B 5 B 5 5 &

Figure 2.7: An example of automatically generated scenarios. Five dose levels are considered for

the trial. The target toxicity probability is pr = 0.25, and the equivalence interval is EI=[0.2,0.3].

The six different lines represents the four types of scenario. In the “Ideal” scenarios (Lines 1 and

2), doses 2 and 4 are the true MTD with toxicity probability falling within the EI, respectively.

In the “Safe” scenario (Line 3), all doses are safe with toxicity probabilities lower than the target

pr = 0.25. The “Toxic” scenario (Line 4) gives a contrary situation to the “Safe” scenario, where

all doses are overly toxic with the toxicity probabilities higher than the target pr = 0.25. The

remaining two lines (Lines 5 and 6) are the “Steep” scenarios, in which some doses are tolerable

but some are overly toxic, and there is a steep jump in the toxicity probability occurring at the first

or second half of the doses (between doses 4 and 5 in Line 5, and doses 1 and 2 in Line 6).
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2.2.2.5 Launch simulation

Once steps 1) -4) are completed, users can conduct simulated clinical trials by clicking the “Launch
Simulation” button at the bottom of Simulation Setup tab (Figures 2.5 and 2.6) to examine the
operating characteristics of the selected designs using the selected scenarios. A “Launch Success-
ful” message will be displayed on the website (Figure 2.8) to indicate that the simulation has been
successfully launched. Users may click the “Proceed To Simulation Results” button in the pop-up

box to track the simulation processing status and simulation results.

Success

Launch Successful, Proceed To Simulation Results

Figure 2.8: A “Launch Successful” message appears after launching simulation in the Single-

Agent Dose-Finding Designs with Toxicity Endpoint and Rolling Enrollment module.

2.2.2.6 Benchmark

Since the rolling designs may shorten trial duration, it is important to benchmark against designs
that do not use rolling enrollment, such as mTPI-2 design. To facilitate the comparison, East Bayes
automatically simulate trials based on the mTPI-2 design in this module, regardless if mTPI-2 is
selected in step 3 (§2.2.2.3). If mTPI-2 is already selected, East Bayes does nothing additional.
If mTPI-2 is not selected, East Bayes will add mTPI-2 to the design list and simulations will be
executed based on the mTPI-2 design (with default settings) in addition to the designs selected by
users. The sample size of the added mTPI-2 design will be the largest sample size among selected

rolling designs.
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2.2.3 Simulation Results

In the Simulation Results tab, users can view the simulation progress and simulation results (§2.2.3.1),
restore the simulation settings (§2.2.3.2), and download intelligent simulation reports (§2.2.3.3).
Specifically, all the simulation results (figures and tables) can be downloaded in Word format. Here-
inafter, we use the terms “simulation results” and “operating characteristics” interchangeably.

In addition, the mTPI-2 design and its simulation results will be displayed as benchmark to

rolling designs, if mTPI-2 is not selected by users. It will be labeled as “Benchmark”.

2.2.3.1 View simulation results

In the Simulation Results tab, the Running Simulations panel displays the progress of simulations
being computed (Figure 2.9). Simulations are displayed in ascending order by the launch time. Click

the icon “X” to cancel a simulation in progress.

Single-Agent Dose-Finding Designs with Toxicity Endpoint and Rolling Enrollment @ User Manual

Simulation Setup Simulation Results ATD Estimation
¥ Running Simulations
Designs #Scenarios Launch Time Progress.

POD-TPI, TITE-CRM 5 2021-06-24 21:51:31 0% & X

Figure 2.9: Simulation progress in the Single-Agent Dose-Finding Designs with Toxicity End-

point and Rolling Enrollment module.

When all the simulations are completed, the Running Simulations panel in Figure 2.9 is not
shown, instead a “simulation result created” message is shown. These messages can be dismissed
by clicking the icon “x” at the end of the corresponding row. The simulation results are automati-
cally loaded into the Simulation History panel (Figure 2.10), with the blue mail icon &4 shown to
indicate new results. All previously completed simulations are also listed in the Simulation His-
tory panel. Simulation results for other modules can also be viewed under the Simulation History
by dropping down the “Select a module” button (Figure 2.10). Click the (& button to delete the

selected simulation results.
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Single-Agent Dose-Finding Designs with Toxicity Endpoint and Rolling Enrollment @ User Manual
Simulation Setup Simulation Results MTD Estimation
1 simulation result created -- 2021-06-24 21:51:31 -- PoD-TPI, TITE-CRM -- 5 X

Simulation History
Select a Design Category:  Single-Agt Dose-Finding - Tox Endpoint & Rolling Enrollment s

C: Single-Agent Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, R: Single-Agent Dose-Finding Design with Toxicity Endpoint and Rolling Enrollment, T: Single-Agent Dose-Finding
Design with Efficacy & Toxicity Endpoints and Cohort Enrollment, D: Dual-Agents Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, B: Basket-Trial Design, S: Subgroup Enrichment and
Analysis

s Clickthe button to display simulation results.
« Clickthe € button to import simulation settings into the Simulation Setup tab.
« Clickthe [ button to delete simulation results.

« Clickthe &, button to download a report of simulation results in word or zip file that includes a protocol template with a statistical section incorporating simulation results.

Type Launch Time Duration Designs Labels # Scenarios Actions Version
2021-06-24 . EB
00:01:40 = PoD-TPI, TITE-CRM 74 5 [+]
21:51:31 & B E) 1.1.0

Figure 2.10: Simulation Results in the Single-Agent Dose-Finding Designs with Toxicity End-

point and Rolling Enrollment module.

Click the button to expand and view the simulation results (Figure 2.10). The design
settings are firstly displayed at the top of each simulation study (Figure 2.11). Then the results of

simulation are shown as plots and tables below.

Type  LaunchTime  Duration Designs Labels #Scenarios  Actions Version
20210624 40 PoD-TPI, TITE-CRM 2 s B 9 @0 & ke
21:51:31 o ! 1.1.0

Simulation Inputs:

Enrollment Params: Tiollow.up=21 MIAT=10  IR=0.1 Distribution Type: weibull - @=0.5 y=05
Trial Params: Ngim=1000  Rgeeq=32432 pr=03

Design 1 (PoD-TPI): ,dﬁl?",:l N=30 Neghort™3 £;=0.05 &=005 Tg=1 Tp=0.15

Design 2 (TITE-CRM): Oetar=1 N=30 =005 C=6

Benchmark (mTPI-2 ds\m: 1 N=30 Negport=3 £)=0.05 £=005 ADIA=false

Figure 2.11: View the simulation results in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Rolling Enrollment module.
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Details of the Simulation Results
The simulation results are divided into four parts, i.e, Duration and Risks, Tabulated Results by
Scenarios, Key Metrics for Dose Finding, and Inconsistent Decisions Breakdowns. Each part can

be viewed or hidden by clicking the button for that part (Figure 2.12).

Simulation Outputs:
> Part A: Duration and Risks
> Part B: Tabulated Results by Scenarios
> Part C: Key Metrics for Dose Finding
W Part D: Inconsistent Decisions Breakdowns
Percentage of Inconsistent Decisions(DS) Percentage of Inconsistent Decisions(DE) M ol
e -Q- Design 1 (FoD-TA) ~O- Design 2 (TTE-CRM) ~O- Benchmark (mTel2)

Figure 2.12: View each part of the simulation results in the Single-Agent Dose-Finding Designs

with Toxicity Endpoint and Rolling Enrollment module.

Part A: Duration and Risks
There are three items in Part A:

a. Line plots showing the Trial Duration (days) and Sum of Risky Decisions (%) for all the
designs (Figure 2.13).

b. A table showing the Average Trial Duration (days) and Risky Decisions (max % across
scenarios) for all designs (Figure 2.14).

c. A table of mean and standard deviation (s.d.) for seven summary statistics, including Prob. of
Selecting MTD, Prob. of Toxicity, Prob. of Selecting Does-over-MTD, Average Number
of Enrolled Patients, Prob. of Overdosing Allocation, Mean Squared Error, and Trial
Duration. (Figure 2.15).

Each item is explained next:
a. Line plots:

e The line plots display two summary statsitics, Trial Duration (days) and Sum of Risky

Decisions (%), for all the designs.

— Trial Duration (days): The average time (in days) for a trial. The lower the value, the
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faster the trial and the more economic of the design.

— Sum of Risky Decisions (%): The sum of maximum percentage of risky decisions
across all the scenarios. A risky decision is a decision made by a rolling design that
is different and more aggressive than the decision that would have been made by the
mTPI-2 design if all the patients in the cohort had been completely followed and their

outcomes observed. There are three types of risky decisions:

1. DS, which refers to the risky decision of S, stay, taken by the rolling design based
on incomplete follow-up data, when the mTPI-2 design would decide to D, de-
escalate, if patients were to complete follow up and their outcomes were observed;

2. DE, which refers to the risky decision of E, escalate, taken by the rolling design
based on incomplete follow-up data, when the mTPI-2 design would decide to D,
de-escalate, if patients were to complete follow up and their outcomes were ob-
served;

3. SE, which refers to the risky decision of E, escalate, taken by the rolling design
based on incomplete follow-up data, when the mTPI-2 design would decide to S,

stay, if patients were to complete follow up and their outcomes were observed.

In all three cases, the rolling design will assign patients to a higher dose than the non-
rolling mTPI-2 design, and therefore they are considered risky.
e For each line plot, the x-axis is the index of scenario and the y-axis is the value of summary
statistics. Lines with different colors represent different designs.

e Results are interactive:

Hover the mouse on a dot and a box will display the value of each design at the corre-

sponding scenario.

Hover the mouse on the design label to highlight the corresponding line and fade the

others.

Click the design label to hide the corresponding line and click again to change it back.

Click the line chart or the bar plot icon on the top right to switch between line charts
and bar plots.
b. Average trial duration and risky decisions table:

Figure 2.14 shows a screenshot summarizing the average trial duration and the maximum per-
centage of inconsistent decisions across all scenarios for two designs. An inconsistent decision

refers to a decision that is different from what would be made by mTPI-2 if patients were to com-

plete follow up and their outcomes were observed. There are six types of inconsistent decisions.
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Trial Duration (days) Sum of Risky Decisions (%) Aol
500 12
\
400 //—\ 10
8
300 —

200

0 r v T v , 0 T r T r
1 2 3 4 5 1 2 3 4 5
Scenario Index Scenario Index
-0~ Design 1 (PaD-TPl) =~ Design 2 (TITE-CRM) -0~ Benchmark (mTPI-2)

Figure 2.13: Simulation result Part A in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Rolling Enrollment module.

DS, DE, and SE are the three risky and inconsistent decisions defined above. The column Sum in
Figure 2.14 refer to sum of maximum percentage of DS, DE and SE decisions across all scenarios.

A rolling design with smaller value is safer.

Average Trial Duration (days) and Risky Decisions (max % across scenarios)

Risky Decisions

Design Duration (days)
DS DE SE Sum
Design 1 (PoD-TPI) 2.5 0.0 0.0 2.5 399
Design 2 (TITE-CRM) 6.5 0.4 45 11.4 302
Benchmark (mTPI-2) 0.0 0.0 0.0 0.0 473

Figure 2.14: Average trial duration and risky decisions table in the Single-Agent Dose-Finding

Designs with Toxicity Endpoint and Rolling Enrollment module.

c. Simulation summary table:

Figure 2.15 shows the mean + standard deviation of seven summary statistics across all sce-
narios for each design, as part of operating characteristics of the designs. They are explained in full
detail next.

e Prob. of Selecting MTD: The probability of selecting the true MTD, defined as the propor-
tion of simulated trials that correctly select the true MTD. The higher the value, the better the

design.
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— For interval-based designs (mTPI-2 & R-TPI), the true MTDs are defined as the dose
levels of which the true toxicity probabilities fall into the equivalence interval [pr —
€1, pr+€2]; if none of the doses have a toxicity probability that falls into the equivalence
interval, the true MTD is defined as the dose with the highest toxicity probability below
pr. For the non-interval-based designs, 3+3 and Rolling 6, the true MTDs is defined as
the dose levels with the highest toxicity probabilities lower than or equal to pr.

— To compare the operating characteristics of multiple designs submitted in a simulation
study, the definition of MTD should be unified. If any of interval-based designs (mTPI-2
& R-TPI) are used in the simulation, the dose levels of which the true toxicity probabili-
ties fall into the widest equivalence interval [py — max{e; }, pr +max{ez}] are defined
as the true MTDs. Here, max{-} is taken over the designs. If none of the doses fall
in, the dose with the highest toxicity probability that is below pr is the true MTD. For
example, consider a case in which users compare four designs, R-TPI, mTPI-2, Rolling
6 and 343, in a simulation study targeting pr = 0.3. Suppose €; = 0.02 and e = 0.05
for R-TPI, and ¢; = 0.05 and ¢5 = 0.03 for mTPI-2. In this case, the true MTD is the
dose levels with toxicity probabilities in [0.3 — 0.05, 0.3 4 0.05]; if none of the doses
have a toxicity probability in [0.3 — 0.05, 0.3 + 0.05], the dose with the highest toxicity
probability lower than 0.3 is the true MTD.

— If a scenario does not have any MTD (e.g., all doses have toxicity probabilities larger
than the target p7), no selection is the right decision. In this case, the probability of

selecting the true MTD is the probability of no selection.

Prob. of Toxicity: The proportion of patients who have experienced DLT across all the
simulated trials. The lower the number, the fewer patients having DLTs under the design.
Prob. of Selecting Does-over-MTD: The probability of selecting the dose levels above the
true MTD, which is defined as the proportion of simulated trials that select a dose higher than
the true MTD at the end of the trial. The lower the value, the better the safety of the design.
Average # of Enrolled Patients: The average number of patients enrolled in the trial, includ-
ing the patients who complete the DLT observation period with DLT or non-DLT, and patients
who drop out of the trial and become inevaluable for DLTs.

Prob. of Overdosing Allocation: The average proportion of patients who are assigned to
doses higher than the MTD by the design across all the simulated trials.

Mean Squared Error: The average mean squared error (MSE) in the toxicity probability of

selected MTD, across all the simulated trials. The MSE is defined as the average squared
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distance between the true toxicity probability of the selected dose, and the true toxicity prob-

ability of the true MTD for each scenario across the simulated trials. The scenarios with no

true MTDs are excluded.

o Trial Duration (days): The average time (in days) for a trial. The lower the value, the faster

the trial and the more economic of the design.

Summary of Performance

Prob. of Selecting MTD

Prob. of Toxicity

Prob. of Selecting Dose-over-MTD
Average # of Enrolled Patients
Prob. of Overdosing Allocation
Mean Squared Error

Trial Duration (days)

* Mean + Standard Deviation

Design 1 (PoD-TPI)

0.438 + 0.087

0.232 +0.057

0.144 £ 0.098

26.659 £ 0.513

0.151+0.125

0.008 + 0.003

399+33

Design 2 (TITE-CRM)

0.500 + 0.099

0.223 +0.049

0.237+0.130

29.555+0.725

0.206+0.116

0.009 + 0.005

302+8

Benchmark (mTPI-2)

0.452 +0.093

0.240 +£0.056

0.140 £0.095

26.53510.702

0.164 £0.129

0.008 +0.003

47317

Figure 2.15: Simulation summary table in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Rolling Enrollment module.
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Part B: Tabulated Results by Scenarios

Full simulation results are presented in tabular format grouped by scenario(Figure 2.16).

In the upper part of Figure 2.16, the first two columns summarize dose levels and their true
toxicity probabilities; the remaining columns report dose-specific summary statistics from the sim-
ulations including: selection probability, average number of patients treated, and average number
of toxicities (i.e. DLTs), along with their standard deviations (s.d.), at each dose level. Specifically,

these are:

1) Selection Prob.: The proportion of simulated trials that select each dose level as the MTD.

2) Average # of Patients Treated (s.d.): The average number of patients treated at each dose
level.

3) Average # of Toxicities (s.d.): The average number of patients experienced DLT at each dose

level.

The true MTD(s) of the scenario is(are) highlighted by the orange bar. For the definition of the true
MTPD in the simulation results, please refer to the definition of Prob. of Selecting MTD in Part A.

In the lower part of Figure 2.16, more trial-specific summary statistics are reported, includ-
ing: MTD Selection, Patient Assignment, Trial Toxicity, Trial Stopping, Trial Duration, Trial
Sample Size, Trial Duration, and Accuracy of Selected MTD.

e MTD Selection

— Prob. of Selecting MTD: The proportion of simulated trials that select the true MTD at
the end of the trial.

— Prob. of Selecting Does-over-MTD: The proportion of simulated trials that select a
dose higher than the true MTD at the end of the trial.

— Prob. of No Selection: The proportion of simulated trials in which none of the dose
levels are selected as the MTD. If a scenario does not have any MTD, this values is
treated as the probability of selecting the true MTD.

For detailed descriptions, please refer to Part A.
o Patient Allocation

— Prob. of Correct Allocation (s.d.): The average proportion of patients who are cor-
rectly assigned to the true MTD by the design across all the simulated trials and its
standard deviation.

— Prob. of Overdosing Allocation (s.d.): The average proportion of patients who are
assigned to doses higher than the MTD by the design across all the simulated trials and

its standard deviation.
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e Trial Toxicity
— Prob. of Toxicity: The proportion of patients experiencing DLT across all the simulated

trials. For detailed descriptions, please refer to Part A.

Trial Stopping
— Prob. of Early Stopping Trial due to Safety Rule: The proportion of simulated trials

in which the trial is stopped because the first dose level shows unacceptable toxicity.

Trial Sample Size
— Average # of Patients Treated (s.d.): The average number of patients treated in the
simulated trials and its standard deviation. Due to early stopping, this number may be

lower than n.

Trial Duration
— Average Trial Duration (s.d.): The average time (in days) a trial and its standard devi-
ation.
e Accuracy of Selected MTD
— Mean Squared Error: The mean squared error is the average squared distance between
the true toxicity probability of the selected dose and that of the true MTD across the
simulations. If the scenario has no true MTD, N/A is displayed.
e Risk
— Sum of Risky Decisions (%): The sum of percentage of risky decisions compared to
the decisions that would be made by mTPI-2 if complete outcomes were observed in

each scenario. For detailed descriptions, please refer to Part A.

When calculating the standard deviation, we use n;,, as the denominator instead of (14, — 1)

in East Bayes.
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Scenario 1

pr=03, gim = 1000

Dose Level True Tox Prob.
1 0.15
2 0.3
3 0.45
4 0.6
5 0.75

MTD Selection*

Patients Assignment

Trial Toxicity

Trial Stopping**

Trial Sample Size

Trial Duration

Accuracy of Selected MTD

Risk

v Part B: Tabulated Results by Scenarios

* The row with orange background color indicates the true MTD.

Selection Prob. Average # of Patients Treated (s.d.) Average # of Toxicities (s.d.)
Design 1 Design 2 Benchmark Design 1 Design 2 Benchmark Design 1 Design 2 Benchmark
(PoD-TPI) (TITE-CRM) (mTPI-2) (PoD-TPI) (TITE-CRM) (mTPI-2) (PoD-TPI) (TITE-CRM) (mTPI-2)
0.364 0.193 0.376 10.431 12.445 9.283 10.431 12.445 9.283
‘ ’ : (7.168) (9.162) (6.808) (1.932) (1.964) (1.765)
0.486 0.538 0.469 11.527 9.813 11.879 11.527 9.813 11.879
) ) : (6.02) (6.503) (5.884) (2.268) (2.197) (2.24)
4.215 5.433 4777 4215 5.433 4.777
0.137 0.216 0.127
(4.941) (5.831) (5.186) (2.087) (2.154) (2.283)
0.614 1.465 0.796 0.614 1.465 0.796
0.007 0.036 0.014
(1.866) (2.672) (2.237) (1.087) (1.361) (1.217)
0 0.005 0.001 0.031 0.557 0.041 0.031 0.557 0.041
’ : (0.352) (1.337) (0.411) (0.284) (0.866) (0.297)
Design 1 Design 2 Benchmark
(PoD-TPI) (TITE-CRM) (mTPI-2)
Prob. of Selecting MTD 0.486 0.538 0.469
Prob. of Selecting Dose-over-MTD 0.144 0.257 0.142
Prob. of No Selection 0.006 0.012 0.013
. 0.428 0.327 0.44
Prab. of Correct Allocation (s.d.)
(0.22) (0.217) (0.215)
. 0.181 0.248 0.208
Prob. of Overdosing Allocation (s.d.)
(0.223) (0.257) (0.234)
Prob. of Toxicity 0.274 0.258 0.284
Prob. of Early Stopping Trial due 10 Safety Rule 0.003 0.012 0.008
. 26.818 29.713 26.776
Average # of Patients Treated (s.d.)
(1.962) (2.653) (2.516)
Average Trial Duration (s.d.) 383 303 474
g o (64) (58) (63)
Mean Squared Error 0.012 0.014 0.013
Sum of Risky Decisions (%) 2.5 11.4 0.0
** For further details concerning Trial Stopping Rule, please refer to section 1.3 in the User Manual

Figure 2.16: Simulation result Part B in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Rolling Enrollment module.
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Part C: Key Metrics for Dose Finding

Figure 2.17 includes plots showing six key summary statistics, Prob. of Selecting MTD, Prob. of
Toxicity, Prob. of Selecting Does-over-MTD, Average # of Enrolled Patients, Prob. of Over-
dosing Allocation, Mean Squared Error for all designs. Their values are already reported in Part
B. However, Part C provides a better visualization for enhanced user experiences.

Part D: Inconsistent Decisions Breakdowns

Simulation Results Part D (Figure 2.18) includes plots showing the percentage of the six inconsistent
decisions, DS, DE, SE, SD, ED, and ES for all designs. In addition, SD, ED, ES refer to three overly
conservative inconsistent decisions. The first letter is the decision that would be made by the mTPI-
2 design if patients were to complete follow up, and the second letter is the decision taken by the

rolling design instead.
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v Part C: Key Metrics for Dose Finding
Prob. of Selecting MTD Prob. of Toxicity A ol
0.7 0.35
06 03
05 025
04 02
03 015
0.2 0.1
0.1 0.05
0 T T T 1 0 T T T
1 2 3 4 5 1 2 3 4 5
Scenario Index Scenario Index
=0 Design 1 (PoD-TPI) <O Design 2 (TITE-CRM) <O~ Benchmark (mTPI-2)
Prob. of Selecting Dose-over-MTD Average # of Enrolled Patients Aol
04 30 — —
2 o
03
20
02 15
10
0.1
5
0 : - - . 0
1 2 3 4 5 1 2 3 5
Scenario Index Scenario Index
=0 Design 1 (PoD-TPI) Q= Design 2 (TITE-CRM) <O Benchmark (mTPI-2)
Prob. of Overdosing Allocation Mean Squared Error Aol
04 0.015
0.0mz2
03
0.009
0.2
0.006
0.1
0.003
0 T T T 1 0 T - -
1 2 3 4 5 1 2 3 4 5
Scenario Index Scenario Index
< Design 1 (PoD-TPI) <0 Design 2 (TITE-CRM) <O Benchmark (mTPI-2)

Figure 2.17: Simulation result Part C in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Rolling Enrollment module.
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Figure 2.18: Simulation result Part D in the Single-Agent Dose-Finding Designs with Toxicity

Endpoint and Rolling Enrollment module.
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2.2.3.2 Restore simulation

Users can restore the simulation settings from the simulation results by clicking the “Restore” button
found to the right of each simulation in the results panel. Upon clicking, the display will switch to

the Simulation Setup page with the same simulation settings restored.

2.2.3.3 Download simulation results

There is a “Download Report” button found to the right of each simulation in the results panel. Click
it to download a word file, which includes three parts:
— Part A: Complete simulation results under the designs and scenarios users added in the Sim-
ulation Setup tab;
— Part B: Detailed technical descriptions of the designs users added in the Simulation Setup tab;
— Part C: Reference
These reports may be used to include in submissions reports or if more detailed work than what is

offered is required, please contact us via email (support@cytel. com) for consulting services.
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2.2.4 MTD Estimation

In the MTD Estimation tab, users can estimate the MTD for mTPI-2, R-TPI and PoD-TPI designs
based on the isotonic regression through Pool Adjacent Violators Algorithm (PAVA), after the dose
finding is completed and the DLT outcomes of all patients are collected.

Specify the target toxicity probability (pr), and two small fractions to define the equivalence
interval (e; and e9) in the design. Select the number of doses (n4,s.) from the dropdown box,
and an editable table will appear (Figure 2.19). Manually type in the observed number of toxicities
(DLTs) and the number of patients treated at each dose into the table, and click the “Estimate” button
to estimate the MTD. Finally, the estimated MTD is highlighted in blue background as shown in
Figure 2.20.

See Table 2.4 for detailed parameter descriptions.

Single-Agent Dose-Finding Designs with Toxicity Endpoint and Rolling Enrollment @ User Manual
Simulation Setup Simulation Results MTD Estimation

Based on the Pool Adjacent Violators Algorithm (PAVA), the MTD can be estimated when the trial is completed and data collected.

Dose Level 1 2
# of Toxicities (s.d.) Q 1 2 3
# of Patients Treated (s.d.) 3 3 12 3

Estimate

Figure 2.19: Input parameters in the MTD Estimation tab of Single-Agent Dose-Finding Designs
with Toxicity Endpoint and Rolling Enrollment module.

Dose level 1 2

# of Toxicities (s.d.) 0 1

#of Patients Treated (s.d.) 3 3

The I8 background represents the true MTD

Figure 2.20: MTD estimation in the Single-Agent Dose-Finding Designs with Toxicity Endpoint

and Rolling Enrollment module.
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Table 2.4: Input parameters in the MTD Estimation tab of Single-Agent Dose-Finding Designs

with Toxicity Endpoint and Cohort Enrollment module.

Notation Parameters Description
prT Target toxicity | The target toxicity probability of the maximum tolerated
probability dose (MTD). The main objective of phase I clinical trials
is to find the highest dose with a toxicity probability closest
to or lower than pp.
€1,€2 €1: lower margin | Two small fractions used to define the equivalence/target
€2: higher margin | interval of the MTD. Any dose with a toxicity probability
falling into the interval [pr — €1, pr + €2] is considered an
acceptable dose MTD. The default values for both are 0.05.
Ndose The number of | The number of candidate dose levels for investigation.
doses
# of DLTs The number of pa- | A non-negative integer number of patients with DLT at
tients with DLTs | each dose level.
at each dose level
# of patients | The number of pa- | A positive integer number of patients treated at each dose
tients treated at | level, which should be no less than the # of DLTs.
each dose level
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2.3 Statistical Methods Review

2.3.1 Simulating Patients Enrollment and Evaluation

To better demonstrate the benefit of rolling-based designs in accelerating the trial conduct, we assess
trial duration in addition to safety and reliability of the designs. This module simulates trials based
on practical settings in order to better reflect real-world situations.

In East Bayes, we fix a = 1 in sampling the inter-patient arrival time, so the mean inter-patient
arrival time is MIAT = b. And also, for simplicity, we assume that there is no waiting time between
the time of patient arrival in the clinic and the starting time of treatment, so the on-study start time
is 0.

Trial Starts: Patient i completes the Trial Ends:
the first patient Patient i arrives at trial with an event the last patient
arrives at clinic and is clinic and is Patient i gets (DLT / non-DLT/ completes the trial
available for study available for study treatment in-evaluability (IE)) with an event time
1 /. / 1 1 1 1
t=0 t=A t=B t, t=C
N Y A Y N Y J
The arrival time ':E:' The on-study start EE:I The time to DLT/non- = The time when patient
for patient i time for patient i DLT/IE for patient i i completing the trial

Figure 2.21: Simulating patients enrollment and evaluation in the Single Agent — Rolling-Based

Designs.

Figure 2.21 illustrates the simulation process of patients enrollment and evaluation. Specifi-

cally:

1. The trial enrollment assumes an inter-patient arrival time which is the average time (in days)
between enrollment of two consecutive patients. The inter-patient arrival time is sampled
from a gamma distribution, with the shape parameter ¢ and scale parameter b. Therefore, the
mean inter-patient arrival time (MIAT) is MIAT = ab. For example, a MIAT 10 or 5 days
means, on average, every 10 or 5 days a new patient is eligible for enrollment, and hence the
trial would enroll three or six patients per month, respectively.

2. To mimic real-life oncology dose-finding trials, each enrolled patient in the simulation study
is also assigned an on-study start time (the gap between the time of arrival in the clinic and

the starting time of treatment) and an inevaluable rate (such as drop off). Specifically,

(a) A random binary DLT/non-DLT outcome is generated with the true probability of toxi-

city for the corresponding dose at which the patient is assigned.
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(b) A random binary evaluability/inevaluability outcome is generated with an inevaluable
rate (IR) for the enrolled patient.

(c) An on-study start time is sampled from a uniform distribution ranging from O to the
maximum waiting time, where the maximum waiting time is prespecified.

(d) If a DLT occurs for a patient, the time to DLT is sampled from the uniform distribution
ranging from 0O to the maximum DLT follow-up period Tfollow—up;

(e) If no DLT occurs for a patient, the time to non-DLT is set at Tfollow-up'

(f) If a patient becomes inevaluable, the time to inevaluability (IE) of that patient is sampled
from a uniform distribution ranging from O to the sampled time to event (either DLT or
non-DLT) of that patient.

Therefore, assume that the trial starts at time ¢ = O (i.e., the first patient arrives and is available for
study at time ¢ = 0), a patient completes the trial with one of the three events: DLT, non-DLT, or
IE, at time ¢; = arrival time + on-study start time + time to DLT or non-DLT or IE.
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2.3.2 The 3+3 Design

The 3+3 design (Storer, 1989) is a rule-based design which enrolls patients in a cohort of three. It
starts by allocating the first cohort of three patients to the starting dose (which is often the lowest
dose level) and adaptively escalates/de-escalates to the next dose level based on observed number
of dose limiting toxicities (DLTs). Besides, in this module, the ethics constraint of “decision-in-

advance” (§2.3.2.2) is adopted, which is applicable to the real-life trials.

2.3.2.1 Design Algorithm

In 3+3, a maximum of six patients are allowed to be treated at any dose level, and the MTD is
defined as the highest dose for which one or fewer DLTs occurred in six patients. Its algorithm

proceeds as follows:

0. Start the trial by treating three patients at a prespecified starting dose level.
1. Escalate to the next higher dose or de-escalate to the next lower dose according to the follow-

ing rules:

(a) If 0 of 3 patients has a DLT, escalate to next higher dose and treat three patients.
(b) If 2 or more of 3 patients have DLTs, de-escalate to next lower dose and treat three
patients.

(c) If 1 of 3 patients has a DLT, treat three more patients at current dose level.

i. If 1 of 6 has DLT, escalate to next higher dose and treat three patients if the next
higher dose has not been tried; otherwise, declare it as the MTD and stop the trial.
ii. If 2 or more of 6 have DLTs, de-escalate to next lower dose level and treat three

patients.
(d) If the trial de-escalates to next lower dose:

i. If only 3 or less had been treated at the next lower dose, treat three more patients at
that dose.

ii. If six have already been treated at the next lower dose, stop the trial and declare the
lower dose as the MTD.

2. Escalation never occurs at a dose at which two or more DLT's have already occurred.
3. If de-escalation occurs at the lowest dose, the trial is stopped.

4. Repeat steps 1-3 until either the MTD is identified or the trial is stopped for excessive toxicity.
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2.3.2.2 The “Decision-in-Advance” Rule

When the observed data from existing patients at a dose lead to a definitive decision regardless what
happens to the patients to be enrolled or still under follow-up at the dose, the decision is executed
immediately without the need to wait. For example, under 3+3, if 2 patients have been enrolled to
a newly tested dose d and both of them experience DLTs, stop enrollment at dose d, de-escalate to
(d — 1) immediately, and start enrolling patients at (d — 1). This rule of “decision-in-advance” can

accelerate the trial conduct and shorten trial duration.
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2.3.3 The Modified Toxicity Probability Interval-2 (mTPI-2) Design

The modified toxicity probability interval-2 (mTPI-2) design (Guo et al., 2017b) is a cohort-based
design which enrolls patients according to a pre-planned cohort size. It is also a model-base de-
sign, which uses a simple beta-binomial model to estimate the toxicity probability and makes dose
escalation/de-escalation decisions based on the unit probability mass (UPM) of a series of dosing
interval with equal length. At the end, mTPI-2 selects the dose of which the isotonic transformed
toxicity probability is the closest to the target pr as the MTD. In this module, the “decision-in-
advance” (§2.3.3.3) is adopted for mTPI-2 to speed up the trial conduct.

2.3.3.1 Probability Model

Consider a phase I trial with D candidate doses for escalation. Let pi,...,pp denote the true
toxicity probabilities for doses d = 1, ..., D. The observed data include n4, the number of patients
treated at dose d, and y4, the number of patients experiencing a toxicity. Let Data = {(y4,nq);d =
1,2,...,D}.

The mTPI-2 design employs a simple beta-binomial hierarchical model as follow:

Yd | ng, pa ~ binomial(ng, pg)

Pd ~ beta(a, 6)

The posterior distribution of pg is given by

Pd | Ya,na ~ beta(o + ya, B+ na — ya)- (2.1)

We adopt the prior beta(1,1) for pg, which leads to a slightly conservative posterior inference as

the prior mean is 0.5, which is usually above pr.

2.3.3.2 Dose-Finding Rules

Equal-width Dosing Intervals: The mTPI-2 design improves over the mTPI design (Ji et al.,
2010) by blunting the Ockhams razor that leads to some statistically sound but practically debatable
decisions in te mTPI design. In mTPI, the unit interval (0, 1) is divided into three subintervals: the
under-dosing interval (0, pr — €1), the equivalence interval (pp — €1, pr + €2), and the over-dosing
interval (pr + €2,1). Here, €; and ey are small fractions, such as 0.05, to account for the uncer-
tainty around the true target toxicity py. However, mTPI-2 resolves the Ockhams razor problem

fundamentally by dividing the intervals (0, pr — €1) and (pr + €2, 1) into shorter subintervals with
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length (€1 + €2); which is the same as the length of the equivalence interval, to mitigate the effect
of interval length in the mTPI design. Formulaically described below, we denote E/ the equivalence

interval (pr — €1, pr + €2), and LI a set of intervals EI as:

LI ={M{" = (pr — 2e1 — e2,pr — 1), M3"" = (pr — 3e1 — 262, pr — 2e1 —€2) -+ -,
M = (0,pr — Jeg — (J — Der)},

and HI a set of intervals above EI:

HI :{an = (pr + €2, pr + €1 +262)7M2HI = (pr + €1 + 2€2,pr + 261 + 3€2), - - -,
ME! = (pr+ (K — 1)e1 + Kea, 1)}

Therefore, if p7 = 0.3 and €; = €2 = 0.05,

ET =(0.25,0.35)

LI ={M& = (0.15,0.25), MF = (0.05,0.15), ME = (0,0.05)},

HI ={M{T =(0.35,0.45), MHT = (0.45,0.55), MHT = (0.55,0.65), M1 = (0.65,0.75),
M = (0.75,0.85), MHT = (0.85,0.95), M1 = (0.95,1)}.

Other than the boundaries (0, 0.05) and (0.95, 1), all the intervals have the same length. The bound-
aries do not affect the decision making since they are clearly associated with “E” and “D” decisions,

respectively. See Guo et al. (2017b) for details.

Dose-Finding Rules: Given the interval and a probability distribution like (2.1), define the unit
probability mass (UPM) of that interval as the probability of the interval divided by the length of
the interval. Mathemetically, the UPM of an interval (a, b) equals to
_ Prob{p € (a,b) | Data}

b—a

The mTPI-2 design selects the (sub-)interval with the largest UPM value as the winning interval and

UPM

takes the dose-escalation decision corresponding to the winning (sub-)interval. More specifically:

- If the equivalence interval M Bl — (pr — €1, pr + €2) has the largest UPM, it is selected as
the winning interval and the dose-assignment decision of mTPI-2 is “S”, to stay at the current
dose.

- If any interval M ]LI in LI has the largest UPM, it is selected as the winning interval and the
dose-assignment decision of mTPI-2 is “E”, to escalate to the next higher dose.

- If any interval M, ,f T'in HI has the largest UPM, it is selected as the winning interval and the

dose-assignment decision of mTPI-2 is “D”, to de-escalate to the next lower dose.
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2.3.3.3 The “Decision-in-Advance” Rule

When the observed data from existing patients at a dose lead to a definitive decision regardless what
happens to the patients to be enrolled or still under follow-up at the dose, the decision is executed
immediately without the need to wait. For example, under mTPI-2, if 2 patients have been enrolled
to a newly tested dose d and both of them experience DLTs, stop enrollment at dose d, de-escalate
to (d — 1) immediately, and start enrolling patients at (d — 1). This rule of “decision-in-advance”

can accelerate the trial conduct and shorten trial duration.

2.3.3.4 Safety Rules

For trial safety, two additional rules are applied.

— [Rule 1: Dose Exclusion] If the current dose is considered excessively toxic, i.e., ng > 3 and
Prob{pq > pr | Data} > &, where the threshold ¢ is close to 1, say 0.95, the current and all
higher doses are excluded and never used again in the remainder of the trial.

— [Rule 2: Early Stop] If the current dose is the lowest dose (first dose) and is considered

excessively toxic according to Rule 1, early stop the trial for safety.

In safety Rules 1 and 2, Prob{py > pr | Data} is calculated under the beta distribution in (2.1).

2.3.3.5 Trial Termination

The trial proceeds until any of the following conditions is satisfied:

1. If the prespecified maximum total sample size is reached;
2. If the lowest dose shows excessive toxicity according to Rule 2; In this case, the trial is early
stopped and the MTD cannot be determined;
3. Optional: ad-hoc rules of maximum number of patients at a dose, denoted by K (K < n):
- If the mTPI-2 decision is “S”, to stay at the current dose, and the current dose has
enrolled K patients;
- If the mTPI-2 decision is “E”, to escalate to the next higher dose, and that next higher
dose has enrolled K patients;
- Ifthe mTPI-2 decision is “D”, to de-escalate to the next lower dose, and that next lower

dose has enrolled K patients.
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2.3.3.6 MTD Selection

Once all the enrolled patients complete the DLT observation and the trial is not stopped early, the
mTPI-2 design applies an isotonic regression to select the MTD. Following the steps as below:
1. Compute the isotonically transformed posterior means of DLT probabilities for all the dose
levels in the following two steps.

(a) Using the accumulated safety information about y; and ng ford = 1,..., D, compute
the posterior mean and variance for all the dose levels, {p1,--- ,pp} and {v1, -+ ,vp}.
An independent prior beta(0.005,0.005) is used to compute the posterior mean and
variance.

(b) Compute isotonic regression estimates of the posterior mean by solving the optimization
problem, minimizing Zfi):l(ﬁd —Pa)?/va subject to p; > Py, for j > k. Such optimiza-
tion can be done using the pooled adjacent violators algorithm (PAVA), the estimated
DLT probabilities satisfying the order constraint is obtained, denoted by {p1,--- ,pp}.

2. Among all the tried doses for which Prob{ps > pr | Data} < & and pg < pr + €2, select
as the estimated MTD the dose with the smallest difference |py — pr|. That is, the estimated
MTD is d* = argming |pg — pr|-

3. In case of a tie (i.e., two or more doses have the smallest difference),

(a) If there is at least one dose lower than the target p among all the tied doses, choose the
highest dose among those as the estimated MTD;

(b) Otherwise, choose the lowest dose among the tied doses as the estimated MTD.
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2.3.4 The Rolling 6 Design

The Rolling 6 design (Skolnik et al., 2008) extends the 3+3 design with the aim to reduce the
occurrence of accrual suspension after enrolling each set of three patients, thereby accelerating the
trial. It allows for accrual of two to six patients concurrently onto a dose level based on the number
of patients concurrently enrolled and evaluable (# Enrolled), the number experiencing dose-limiting
toxicity (DLT) (# DLTs), and the number still at risk of developing a DLT (# Pending). The Rolling
6 is a rule-based design and all the dose assignment rules for the six patients are pretabulated in
Table 2.5.
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Table 2.5: The decision table of the Rolling 6 design.

Observed data at dose d Decision
# Enrolled #DLTs # Non-DLTs # Pending MTD Not Exceeded MTD Exceeded

2 0,1 any any S -

2 2 0 0 D -

3 0 0,1,2 3,2,1 S -

3 0 3 0 E -

3 1 0,1,2 2,1,0 S -

3 > 2 any any D -

4 0 0,1,2,3 4,3,2,1 S S

4 0 4 0 E S

4 1 0,1,2,3 3,2,1,0 S S

4 >2 any any D D

5 0 0,1,2,3,4 5,4,3,2,1 S S

5 0 5 0 E S

5 1 0,1,23,4 4,3,2,1,0 S S

5 >2 any any D D

6 0 0,1,2,3,4 6,5,4,3,2 Suspend Suspend
6 0 5,6 1,0 E MTD
6 1 0,1,2,3,4 5,4,3,2,1 Suspend Suspend
6 1 5 0 E MTD
6 > 2 any any D D

NOTE. 1) This table does not take into account inevaluable patients, such as patients who drop off
during the DLT observation period; 2) Escalation never occurs to a dose at which 2 or more DLTs
have already occurred, because the dose is considered excessively toxic and should be excluded
from the remaining dose finding; 3) If de-escalation occurs at the lowest dose level, then the study
is terminated.

ABBREVIATIONS: DLT, dose-limiting toxicity; MTD, maximum tolerated dose; E, escalate to

next higher dose level; S, stay at the current dose level; D, de-escalate to previous lower dose level.
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2.3.5 The Rolling Toxicity Probability Interval (R-TPI) Design

This section describes the rolling toxicity probability interval (R-TPI) design proposed by Guo et al.
(2019). R-TPI combines the idea of rolling accrual in the Rolling 6 design (Skolnik et al., 2008)
(§2.3.4) with the model-based framework in mTPI-2 (Guo et al., 2017b) (§2.3.3).

2.3.5.1 Notations

Consider a toxicity-driven phase I dose-finding trial. Let pr be the target DLT probability, and
pq be the true and unknown DLT probabilities of dose level d, d = 1,..., D, where D denotes
the prespecified number of dose levels to be investigated. Generally, we assume that pg is non-
decreasing with dose level, i.e. p; < p2 < --- < pp. Assume at a given moment, dose d is
being used to treat enrolled patients and a total of (n4 + mg) patients have been assigned to dose
d, among whom n, patients have known outcomes (either with or without DLT) and m, patients
are still being followed without outcomes. Let y4 be the number of patients (among n,) with DLT,

therefore (ng — y4) without DLT. The table below describes the breakdowns.

# with DLT | # without DLT | # being followed and no outcomes | Total at dose d

Yd (nd — Ya) mg (ng +mq)

2.3.5.2 Dose-Finding Rules and Design Algorithm

The R-TPI design consists of two sets of enrollment schemes, namely the run-in enrollment and the

rolling enrollment. To begin the trial, R-TPI enrolls the first patient at the starting dose level.

Run-in Enrollment The run-in enrollment is applied to any new dose level when it is first used
to treat patients during the trial. Suppose dose d is decided to be the new dose level for treating
patients and it has not been used at any time of the trial. R-TPI starts run-in enrollment and keeps
enrolling new patients at dose d until either of the two cases below occurs:

(1) ng > 0, i.e. there is at least one outcome at d,

(2) ng = 0and my = C, for a pre-determined C' value. This occurs when the first C' patients have
not completed follow-up at d and are without definitive outcomes. Here, C' is the maximum
number of pending patients without observed outcomes allowed at a dose to keep enrollment
open. For example, for the Rolling 6 design, C' = 6.

Therefore,

— in case (1), R-TPI starts rolling enrollment (specified below).
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— in case (2), R-TPI suspends the enrollment until the first outcome at current dose d and then

starts the rolling enrollment (specified below).

Rolling Enrollment Supposes at a given moment of the trial a new patient becomes eligible for
enrollment, and the current dose used for treating patients is d at which (ng + mg) patients have
been treated. To fully understand rolling enrollment, there are two additional points to consider.

e k4 the number of patients at dose d since it most recently becomes the current dose.

For example, suppose initially three patients were enrolled at dose level d, and based on their
DLT outcomes R-TPI escalated to dose level (d+ 1) and enrolled patients at (d+ 1); however,
many patients had DLT outcomes at (d 4 1) and R-TPI de-escalated back to dose level d, and
enrolled additional 3 patients. At this time kg = 3.

e Dy, n,: the mTPI-2 decision based on the toxicity data of y4 out of ng patients experiencing
DLTs at dose d, Dy, n, € {D, E,S}. Here, “D” stands for de-escalating to the next lower
dose level (d— 1), “E” for escalating to the next higher dose level (d+ 1), and “S” for staying
at the current dose level d. For the detailed mTPI-2 dose escalation rules, please refer to
§2.3.3.2.

The dose-assignment of R-TPI assesses three potential decisions 1) the mTPI-2 decision, de-

noted as Dy, ,,, based on the observed data; 2) the mTPI-2 decision Dy, n,+m, Of the most

Table 2.6: The R-TPI dose-finding rules applied in the rolling enrollment.

mTPI-2 decision for mTPI-2 decision for mTPI-2 decision for

current observation  the most toxic scenario  the safest scenario ~ R-TPI Decision

(Dyd,nd) (Ddermd,nderd) (Dyd,nderd)
Case 1 D D D D
Case 2 D D SorE S
Case 3 S SorD S S
Case 4 S SorD E S or Suspend*
Case 5 E E E E
Case 6 E SorD E S or Suspend*

*If 3 or more patients have been enrolled at the same dose (k; > 3), suspend the trial to avoid
over-enrolling on the current dose.
Abbreviations: E, escalate to next higher dose level; S, stay at the current dose level; D, de-escalate

to previous lower dose level.
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toxic possible scenario where all pending patients were to experience DLTs; and 3) the mTPI-2
decision Dy, 5, ,+-m, of the safest scenario where none of pending patients were to experience DLT.
See Table 2.6. Specifically, suppose a new patient is eligible for enrollment, the detailed rolling
enrollment rules are described below.

L. If mg = 0, i.e., all the patients enrolled at dose level d have completed their followup with
definitive outcomes, assign the new patient according to Dy, 5, the decision of mTPI-2 when
yq out of ng patients experience DLT outcomes.

IL. If 0 < myg < C, i.e., some patients are still being followed without outcomes, consider three
cases:
1. If Dy, n, is D, consider the following two cases:
(@) if Dy, n,+m, is D, de-escalate to dose level (d — 1); apply the run-in enrollment if
dose (d — 1) is a new dose or re-apply /II/III if it has been used before;
(b) else, the decision is .S and continue patient enrollment at dose d.
2. If Dy, , is S, consider the following two cases:
(@) if Dy, n +m, is S, assign the new patient to d;
(b) if Dy, nytmy, is E,
i. if kg < 3, enroll the next patient at dose d;
ii. if kg > 3, suspend the enrollment until more patients have observed their out-
comes at dose d. Then recalculate the my value and re-apply I or I1.
3. If Dy, n, is E, consider the following two cases:
(@) if Dy, 4myng+my 18 E, escalate to dose level (d + 1); apply the run-in enrollment
if dose (d + 1) is a new dose or re-apply I/II/III if it has been used before.
(b) else,
i. if kg < 3, enroll the next patient to dose d;
ii. if kg > 3, suspend the enrollment until more patients have observed their out-
comes at dose d. Then recalculate the m4 value and re-apply I or IL.

III. If mg > C, suspend the enrollment until more patients have observed outcomes at dose d.
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2.3.5.3 Safety Rules

For trial safety, two additional rules are applied.
— [Rule 1: Dose Exclusion] If the current dose is considered excessively toxic, i.e., (ng+mg) >
3 and Prob{pg > pr | Data} > &, where the threshold ¢ is close to 1, say 0.95, the current
and all higher doses are excluded and never be used again in the remainder of the trial.
— [Rule 2: Early Stop] If the current dose is the lowest dose (first dose) and is considered
excessively toxic according to Rule 1, stop the trial for safety.
Here, Prob{py > pr | Data} is calculated under the beta distribution Beta(ao~+yq, Bo+nd — Yd)-
In East Bayes, we use g = B9 = 1. For the rolling designs, at the time a dose is deemed unsafe
and suspended, there may be some patients with pending outcomes at this dose level. Once their
data are observed later, if the safety rule is no longer violated given the new data, this dose may be

reopened again for further evaluation.

2.3.5.4 Trial Termination

The R-TPI design stops the trial if any of the following conditions is satisfied:
1. The prespecified maximum total sample size is reached;
2. The lowest dose shows excessive toxicity according to Rule 2; In this case, the trial is stopped
and the MTD cannot be determined;
3. Optional: ad-hoc rules of maximum number of patients at a dose, denoted by K (K < n):
- If the mTPI-2 decision is “S”, to stay at the current dose, and the current dose has
enrolled K patients;
- If the mTPI-2 decision is “E”, to escalate to the next higher dose, and that next higher
dose has enrolled K patients;
- If the mTPI-2 decision is “D”, to de-escalate to the previous lower dose, and that pre-

vious lower dose has enrolled K patients.

2.3.5.5 MTD Selection

Once all the enrolled patients complete the DLT observation and the trial is not stopped due to rule
2 in §2.3.5.3, the R-TPI design applies an isotonic regression to select the MTD. The steps below
are followed.

1. Compute the isotonically transformed posterior means of DLT probabilities for all the dose

levels in the following two steps.
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(a) Using the accumulated safety information about y; and ng ford = 1,..., D, compute
the posterior mean and variance for all the dose levels, {p1,--- ,pp} and {v1, -+ ,vp}.
An independent prior beta(0.005,0.005) is used to compute each posterior mean and
variance.

(b) Compute isotonic regression estimates of the posterior means by solving the optimiza-
tion problem, minimizing ZdD:1(]3d — Pa)?/vq subject to p; > Py, for j > k. Such
optimization can be done using the pooled adjacent violators algorithm (PAVA). The
estimated posterior mean DLT probabilities satisfying the order constraint are obtained,
denoted by {p1,--- ,Pp}.

2. Among all the tried doses (ng > 0) for which Prob{p; > pr | Data} < £ and pg < pr+ €2,
select as the estimated MTD the dose with the smallest difference |pg; — pr|. That is, the
estimated MTD is d* = argming [pg — pr|.

3. In case of a tie (i.e., two or more doses have the smallest difference),

(a) If there is at least one dose lower than the target p among all the tied doses, choose the
highest dose among the ones lower than pr as the estimated MTD;

(b) Otherwise, choose the lowest dose among the tied doses as the estimated MTD.

2.3.5.6 R-TPI Decision Table

The R-TPI design requires users to provide the value of the target toxicity rate pr and two small
fractions, €; and e3. The pr value can be easily elicited from the trial clinician. The values of €;
and €5 can be set at 0.05 as the default (Ji et al., 2010) or elicited by asking the clinician the lower
and higher bound of the DLT rate that would still be considered as close to pr. Also R-TPI needs
to elicit the value of C to control the speed of patient accrual. With the provided values of pr, €1,
€2, and C, one can generate the R-TPI decision table prior to the trial. Therefore, R-TPI exhibits the
same simplicity and transparency as rule-based methods.

We provide the decision table of up to seven patients for R-TPI with target DLT rate pr equal
to 0.3, ¢ = €5 = 0.05, and C' = 3, as an example. See Table 2.7.
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Table 2.7: R-PTI Decision Table with pp = 0.3, ¢; = €5 = 0.05, and C = 3.

Observed data at dose d R-TPI
ng+mqg  Yq g kq | Decision
1 0 0 1 S
1 0 1 E
1 1 1 1 D
2 0 0,1 any S
2 0 2 any E
2 >0 any any D
3 0 012 3 Suspend
3 0 1,2 <3 S
3 0 3 any E
3 1 any  any S
3 >1 any any D
4 0 1,2,3 3 Suspend
4 0 23 <3 S
4 0 4 any E
4 1 any any S
4 >1 any any D
5 2,3,4 3 Suspend
5 34 <3 S
5 0,1 5 any E
5 1 34 >3 | Suspend
5 1 34 <3 S
5 >1 any any D
6 0 3,4 3 Suspend
6 0 4 <3 S
6 0 5 any E
6 1 34,5 3 Suspend
6 1 4,5 <3 S
6 0,1 6 any E
6 2 any  any S
6 >2 any any D
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2.3.6 The Probability-of-Decision Toxicity Probability Interval Design (PoD-TPI)

The PoD-TPI design (Zhou et al., 2019a) is motivated by the need to reduce the frequency of enroll-
ment suspension but while maintaining safety. PoD-TPI enables dose assignment in real time in the
presence of pending toxicity outcomes. With uncertain outcomes, the dose assignment decisions
are treated as a random variable, and the posterior distribution of the decisions can be calculated.
The posterior distribution reflects the variability in the pending outcomes and allows a direct and
intuitive evaluation of the confidence of all possible decisions. A new and useful feature of PoD-TPI
is that it allows investigators and regulators to balance the trade-off between enrollment speed and

making risky decisions by tuning a pair of intuitive design parameters.

2.3.6.1 Notations

Consider a toxicity-driven phase I dose-finding trial. Let pr be the target DLT probability, EI
= (pr — €1, pr + €2) be the equivalence interval, and p, be the true and unknown DLT probabilities
of dose level d, d = 1,...,D, where D denotes the prespecified number of dose levels to be
investigated. Generally, we assume that p; is non-decreasing with dose level, i.e. p; < py < --- <
Pp.

At a given moment of the trial, suppose N patients have been treated, the current dose is
d, and the (N + 1)-th patient is available for enrollment. Recall that Y; and Z; denote the DLT
outcome and dose assignment of patient %, respectively, ¢ = 1,..., N. In particular, ¥; = 1 (or 0)
represents that patient ¢ experiences (or does not experience) DLT within the assessment window.
Since patients enter clinical trials at random time, it is often the case that when the (N + 1)-th
patient is eligible for enrollment, some previously enrolled patients are still being followed without
definitive DLT outcomes, and thus their DLT outcomes Y;’s are unknown. Let B; be the indicator
for an unknown DLT outcome, where B; = 1 (or 0) denotes that the DLT outcome of patient
1 is unknown (or observed). We denote ng = Zf\il 1(Y; = 1,Z; = d,B; = 0) and myq =
Zf\; 1 1(Y; = 0,Z; = d,B; = 0) the numbers of patients with observed DLTs and non-DLTs,
respectively. In addition, we use rq = Zf\;1 1(Z; = d, B; = 1) to denote the number of patients
with pending outcomes and write Z; = {i : Z; = d, B; = 1} the index set of these patients. Lastly,
we denote Sy = Zf\il 1(Y; = 1,Z; = d,B; = 1) the number of DLTs among the r; pending
patients that would have been observed had these patients finished their DLT assessment. Since
these patients are still being followed, {Y; : i € Z;} are not observed and are random variables, and
so are Sy. We have Sy € {0,1,...,r4}. The following figure summarizes the patient statistics at
dose d.
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ng DLTs

Total (ng + mg + rq) —— mg non-DLTs

Sy DLTs (random)
rq pending — "

(rq — Sq) non-DLTs

2.3.6.2 Dose Assignment Rules

Suppose pr, €1 and €3 are given and fixed. When there are no patients with pending outcomes, i.e.
rq = 0, the dose-finding decision Ay of PoD-TPI is the same as that of mTPI-2 (§2.3.3), which only
depends on the values n4 and my. Let A(n, m) denote the decision of mTPI-2 if n patients have
DLT and m patients have non-DLT. Therefore, A = —1,0 and 1, denoting de-escalation, stay and
escalation, respectively. When 74 = 0, Ag = A(ng, mq).

However, in most cases, rq # 0 and Sy is not observed later, and the decision Ay becomes
a random variable. Through the probability model described in §2.3.6.6, one could calculate the
posterior probability Pr(S; = s | Data), and then the probability of decision a € {—1,0, 1} based
on mTPI-2 can be defined by

Pr(Aq = a | Data) = > Pr(Sy = s | Data). 2.2)
s:A(ng+smg+rqg—s)=a
Let A}, = argmax, Pr(Ay = a | Data) denote the decision with the highest PoD. If two decisions
tie for the highest PoD, we choose the more conservative one (the smaller value a).

To ensure the safety of the design, we introduce two essential suspension rules.

— If A} = 1, i.e. escalation, we suspend the trial if (i) Pr(A; = 1 | Data) < 7g for some
threshold 7g € [0.33, 1] or (ii) mg = 0. Condition (i) reflects that escalation is not allowed
if the confidence of escalation is less than 7g. A larger mg represents more conservative dose
escalations. Condition (ii) means escalation is not allowed until at least one patient at the
current dose has finished the DLT assessment and does not experience DLT, similar to the

rule in Normolle and Lawrence (2006).

- If A3 = 0, i.e. stay, we suspend the trial if Pr(Ay = —1 | Data) > mp for some threshold
m» € [0,0.5]. This means stay is not allowed if there is a relatively high chance of de-

escalation. A smaller 7p represents more conservative stays.

If none of the suspension rule is triggered, the optimal decision A’ is made. In real applications,

the values 7 and 7p should be chosen according to the desired extent of safety. For example,
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g = 1 and mp = 0.15 mean eliminating the chance of risky escalations. The dose assignment rules

of PoD-TPI is summarized in Algorithm 1.

Algorithm 1 Dose assignment rule of PoD-TPI. Current dose level is d.

1: if r4 = 0 then
2: Assign the patient to dose d + A(ng, mg)
3: elseif r; > O then
4 Calculate Pr(Ag = a | Data) and A} = min{argmax, Pr(4q = a | Data)}
5 if A’ = 1 then
6: if Pr(44 = 1| Data) < 7g or myg = 0 then
7 Suspend accrual
8 else
9 Assign the patient to (d + 1)
10: end if
11: else if A% = O then
12: if Pr(Aq = —1| Data) > mp then
13: Suspend accrual
14: else
15: Assign the patient to d
16: end if
17: else if A", = —1 then
18: Assign the patient to (d — 1)
19: end if
20: end if

If d is the highest dose, escalation is not possible and continue to enroll patients at the current
dose d. Similarly, if d is the lowest dose, de-escalation is not possible and continue to enroll patients

at d.

2.3.6.3 Safety Rules

For practical concerns, similar to existing designs (for example, Ji et al., 2010 and Yuan et al., 2018),
we include the following two safety rules in PoD-TPI throughout the trial.
— [Rule 1: Dose Exclusion] At any moment in the trial, if (nqg + my4) > 3 and Pr(pg > pr |
ng, mq) > 0.95, exclude dose d and higher doses from the trial.
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— [Rule 2: Early Termination] If the current dose is the lowest dose (the first dose) and is
considered excessively toxic according to Rule 1, terminate the trial due to excessive toxicity.

Here, Prob{pg > pr | Data} is a function of the cumulative beta distribution Beta (g + yq, So +
ng — yq). Weuse ag = Sy = 1. For rolling designs, at the time a dose is deemed unsafe and
suspended, there may be some patients with pending outcomes at this dose level. Once their data
are observed later, if the safety rule is no longer violated, the dose could be reopened again for

further evaluation.

2.3.6.4 Trial Termination

The PoD-TPI design stops a trial if any of the following conditions is satisfied:
1. The prespecified maximum total sample size is reached;
2. The lowest dose shows excessive toxicity according to Rule 2 in §2.3.6.3; In this case, the

trial is stopped and the MTD cannot be determined;

2.3.6.5 MTD Selection

Once all the enrolled patients complete the DLT observation and the trial is not stopped due to Rule
2 in §2.3.6.4, the PoD-TPI design applies an isotonic regression to select the MTD. Follow the steps
below.
1. Compute the isotonically transformed posterior means of DLT probabilities for all the dose
levels in the following two steps.

(a) Using the accumulated safety information about y,; and ng ford = 1,..., D, compute
the posterior mean and variance for all the dose levels, {p1,--- ,pp} and {v,--- ,vp}.
An independent prior beta(0.005,0.005) is used to compute each posterior mean and
variance.

(b) Compute isotonic regression estimates of the posterior means by solving the optimiza-
tion problem, minimizing Zgzl(ﬁd — Pa)?/va subject to p; > pi, for j > k. Such
optimization can be done using the pooled adjacent violators algorithm (PAVA), the es-
timated posterior mean DLT probabilities satisfying the order constraint are obtained,
denoted by {p1, -+ ,Pp}.

2. Among all the tried doses (ng > 0) for which Prob{p,; > pr | Data} < £ and pg < pr + €2,
select as the estimated MTD the dose with the smallest difference [p; — pr|. That is, the
estimated MTD is d* = argming |pg — pr|-

3. In case of a tie (i.e., two or more doses have the smallest difference),
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(a) If there is at least one dose lower than the target p among all the tied doses, choose the
highest dose among the ones lower than pr as the estimated MTD;

(b) Otherwise, choose the lowest dose among the tied doses as the estimated MTD.

2.3.6.6 Probability Model

Likelihood Construction

We construct the likelihood function for the observed data, with which we make inference
about the distribution of the time to DLT and calculate the posterior distribution of S; and Ay
(Equation 2.2).

We first introduce some additional notation. Let 7 denote the length of the DLT assessment
window. In oncology, 7 is usually 21 or 28 days, corresponding to a cycle of treatment. Denote by
T; the time to DLT for patient 4, 7 = 1, ..., IV; recall that we assume N patients have been treated.
By definition, Y; = 1(7; < 7), because Y; represents whether patient ¢ experiences DLT within
the assessment window. Conditional on the dose assignments (Z;’s), the T;’s are assumed to be
independent and identically distributed with probability density function fr|z and survival function
Stz

Next, the following notations are defined with respect to the time when the (N + 1)-th patient
is available for enrollment. To simplify notation, we do not explicitly write out the dependency on
time. Let U; = min{7, enx+1 — e;} denote the potential censoring time for patient ¢, where e; is the
enrollment time for patient ¢, and (ey1 — €;) is the time between the enrollment time of patient ¢
and the time when the new patient (N + 1) becomes available. Let V; = min{T;, U;} denote the
follow-up time, and let §; = 1(7; < U;) indicate whether the DLT is observed (J; = 1) or censored
(0; = 0). We note that the case {J; = 1} corresponds to {Y; = 1, B; = 0}, and {d; = 0} includes
{Y;=0,B; =0} and {B; = 1}.

Based on survival modeling (see, e.g., Klein and Moeschberger, 2006), patients with observed
DLTs (6; = 1) contribute f7|7 to the likelihood, and patients with censored observations (6; = 0)

contribute Stz to the likelihood. Therefore, the likelihood function is
N
L= H [fT\Z vi | 2) 0D S (v | 2) =0 (2.3)
=1
We define a model for fr|7(v; | z;) next.

Sampling Model for Time to Toxicity
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We assume a parametric distribution for 7; as follows. First, as in the mTPI-2 design, we

assume
Pr(T; <7|Zi=d,ps) =Pr(Y;=1|Z; =d,pq) = pa. (2.4)

That is, with probability pg, the DLT for a patient treated by dose d occurs within (0, 7].
Conditional on [T; < 7] (i.e., [Y; = 1]), we assume a piecewise uniform distribution for
[T; | Y; = 1,Z; = d] on the interval (0,7]. That is, we partition (0, 7] into K sub-intervals
{(hx—1,hx),k = 1,..., K}, where 0 = hg < h; < --- < hx = 7. For simplicity, we use
K = 3 sub-intervals with equal length by default, hy, = k7/K for k = 0,1,2,3. The k-th sub-
interval is assigned a weight wy, and 215:1 wy, = 1. Conditional on [Y; = 1,Z; = d|, T; falls
into (hg_1, hi] with probability wy, and follows a uniform distribution within this interval. The

conditional probability density function of [T; | Y; = 1, Z; = d] is thus

frvzt | Yi=1,Z; =d,w) = wy, - for h—1 <t < hy,. (2.5)

hi, — hig—1’
Implicitly in (2.5), T; and Z; are conditionally independent given [T; < 7], meaning the conditional
distribution of the time to DLT is the same across doses. In other words, the parameter w is shared
across doses. As toxicity data are typically sparse in phase I trials, the conditional independence
assumption allows borrow of information across doses and helps with the estimation of w.

Next, according to the law of total probability,

frizt | Zi = d, pg,w) = Z fryzt | Yi=y,Zi = d,w)Pr(Y; =y | Zi = d, pa)

ye{0,1}

1
hi, — hp—1’
Here, fry,z(t | Yi = 0,Z; = d,w) = 0 fort < 7, since {Y; = 0} indicates {T; > 7}. The

survival function of T is

=Pq- Wk * for hj_1 <t < hy.

t
ST|Z(t | ZZ = d7pd7w) =1 _/ fT|Z(v ‘ ZZ = d,pd,’lﬂ)d’U
0

K
=1 —dewkﬂ(t, k), fort <,

k=1
where
1, if v > hy;
_ ) t—hu_ .
Bt k) = ppt, ifve (pr, bl k=1,...,K;
0, otherwise.
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Finally, writing out the parametric forms of f77 and Sp|z in Equation (2.3), we obtain the

likelihood of p and w,

K D K
L 2 L(p,w | Data) H wy* H Pyt (1 —pg)™e H [1 —deka(vi,k)] . (2.6)

k=1 d=1 = k=1
Here, n, = )

experienced DLT in the time interval (hg_1, hg).

R I(hg—1 < v; < hy) is the number of patients (across all doses) who have

Priors
We complete the probability model with prior models for the parameters p = (p1,...,pp) and

w = (wi,...,wr). We assume
pa ~ Beta(041,042), and w ~ Dir(ny,...,nK). 2.7

Here, 04; and 04, can be chosen based on prior guess of the DLT probability of each dose, and

(m,...,nK) can be chosen based on prior knowledge of the time to DLT falling into each sub-
interval. Here, for simplicity, we use simply setting 03; = 6450 = landn; = --- = ng = 1 by
default.

Posterior of Ay
With the likelihood (2.6) and the prior model (2.7), we can conduct posterior inference on p
and w. Specifically,

D

m(p,w | Data) o [ [ wo(pa) x mo(w) x L(p,w | Data),
d=1

where 7y(pg) and mo(w) are the prior models as in (2.7). Markov chain Monte Carlo simulation is
used to draw samples from the posterior distribution 7(p, w | Data).

Based on the sampling models (2.4) and (2.5), we can calculate the probability that a patient
experiences DLT within the assessment window given the patient has been followed for v; (< 7)
without DLT, i.e., the conditional probability of {Y; = 1} for i € Z,;. Recall that Z; contains the

indices of the pending patients. For a patient 7 € Z;, we have

qi(vi,d, pg,w) £ Pr(Y; = 1| T} > v;, Z; = d, pg, w)
Pr(T; > v | Vi =1,Z; = d,w)Pr(Y; = 1| Z; = d, pq)
S0 Pr(Ti > v | Yi =y, Zi = d,w) Pr(Yi = y | Z; = d, pq)

- [1 — S wi B, k?)} Pd
a [1 — Zszl wiB(vi, k)} pd+ (1 —pa)

s (Ui<7').
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Recall that Sy is the number of patients that will experience DLTs among the pending patients
at dose d. Therefore, mathematically S; = Zield Y;. By definition, given the observed data
(including the pending patients’ follow-up times), [Sy | pg, w, Data] follows a Poisson binomial

distribution,
Sa | pa, w, Data ~ Poisson-binomial(g;, i € Zg).

Here, the Poisson binomial distribution is the distribution of the sum of independent Bernoulli ran-
dom variables that not necessarily have the same success probabilities. See, for example, Chen and

Liu (1997) for an introduction. Furthermore, we have
Pr(Sy = s | Data) = / / Pr(Sy = s | pg, w, Data)w(pg, w | Data)dpg dw.
w Y pd

This integral can be approximated using posterior samples of p; and w. Finally, we can calculate

Pr(A4 = a | Data) according to Equation (2.2).
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2.3.7 The Time-to-Event Continual Reassessment Method (TITE-CRM)

The TITE-CRM design is a method that incorporates the time-to-DLT of each patient into the CRM
design proposed by Cheung and Chappell (2000). The TITE-CRM design enrolls patients as they
become available to be studied and has no need to wait until the end of the follow-up window
before recruiting the next patient. It accounts for the proportion of the observation period that each
currently enrolled patient has been observed and assigns a dose to the next patient at any time given

all information available.

2.3.7.1 Notations

Consider a toxicity-driven phase I dose-finding trial. Let pr be the target DLT probability, and
pq be the true and unknown DLT probabilities of dose level d, d = 1,..., D, where D denotes
the prespecified number of dose levels to be investigated. Generally, we assume that p; is non-
decreasing with dose level, i.e. p; < ps < --- < pp. Assume at a given moment, dose d is being
used to treat enrolled patients and a total number of n patients have been enrolled. Let Y; ,, be the
indication of toxic response, where Y;,, = 1 denotes that prior to the entry time of the (n + 1)

patient, the ith patient has experienced DLT.

2.3.7.2 Probabilitiy Model

The weighted likelihood: The CRM assumes a parametric model F'(d, 0) to describe the relation-
ship between the dose and the toxicity. The TITE-CRM uses a weighted dose-response model

G(d,w,0) =wF(d,0),

in which weight w is a function of the time-to-event of a patient. Under this model, the weighted
likelihood of 6 is

n
Ln(0;w) = H G(dpy, win, 0)Vm{1 — G(dj, wim, )} ~Vin
i=1
where y; ,, and w; ,, are the indication of toxic response for the ith patient and the weight assigned
to this observation just prior to the entry time for the (n + 1)th patient, respectively, and dj;) is the
dose of patient ;.

Herein, the weight function is assumed to be

win = w(ui; T) =
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where u; is the follow-up time of the ith patient. The simple choice of w; ,, has been shown to be
adequate in many cases via simulation. And for the dose-response curve F'(d,f), we use a one-

parameter power model
0
pa = V(poa,0) = pga”,
where (po1,p0.2, - - ., Po,p) are pre-specified prior toxicity probabilities (‘skeletons’), which mono-

tonically increases with d. The skeletons reflect the initial guess of DLT probabilities.

Prior specification: Let g(6) be the prior distribution for #, which reflects our knowledge of the
dose toxicity relationship before the trial begins. We use the normal density N(0,1.34). Other

choices can be gamma or exponential density.

Estimate the probability of toxicity: By the time of the (n + 1)th patient’s arrival, the estimation

of parameter 6 conditional on the observed data is given by the posterior mean

i JOLn(6;w)g(6)do
" [ La(0;w)g(0)dd

Using 0,,, the estimated probability of toxicity pg ,, for dose level d is

Pa = 1V (po,d; On)-

Calibration of the ‘skeleton’ values: Lee and Cheung (2011) proposed a fast and systematic
approach for selecting the skeleton based on indifference intervals for the MTD. The approach is
applied by default, and users only need to specify the half-width (6) of the indifference interval
manually to estimate the skeleton.

Specifically, assume © = [by, bp1] is the parameter space (i.e. §# € ©) and H; = [by, ba),
H; = [bg,bg41) ford = 2,...,D — 1 and Hp = [bp,bpy1) where by is the solution for
Y (po,d—1,bd) + ¥ (po,a,ba) = 2pr ford = 2,...,D. Based on Lee and Cheung (2011), define
the half width of the indifference interval for the MTD (d) as

b — _1,b
5, = ¥ (Po,d+1, d+1)2 Y (Po,d—1, d),d: 9 ...D—1.

By specifying a common half-width indifference interval for all dose levels, that is 64 = J, the
skeletons pg 1, . .., po,p can be obtained recursively. Given a starting dose v, a target p7 and a prior

mean of § = 0, pp, can be obtained via backward substitution, i.e. pr = ¢ (po,0) = po,.. The
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remaining skeletons can be obtained by solving the following equations:

Y(po,d—1,ba) + ¥ (po,q, ba) = 2pr

Y(pod—1,ba) =pr — 9

for d < v;

Y (po,d, ba+1) + ¥V(Po,d+1,bar1) = 2pr
ford > v.

Y(po,d+1,bay1) =pr +6

We takes v = [D /2] as the prior guess of MTD by default.

2.3.7.3 Design Algorithm

Dose Assignment: Supposes at a given moment of the trial a new (n+1)th patient becomes eligible
for enrollment, the dose to be assigned is the one that has the posterior mean probability of toxicity
closest to the target pr. In other words, with the first n observations, the estimated 0, is computed
and the next dose level dj,,; 1) is chosen such that |F(d,41),0n) — pr| < |[F(dp, 0n) — pr| for
k=1,...,D.

Note: One can replace F'(d, ) with F'(x4, ) where x4 is the actual dosage of the dose level d.

Suspension rule: Suppose the current dose is d. If the number of pending patients is larger than C'

for a pre-specified threshold C, suspend the enrollment.

2.3.7.4 Safety Rules

For practical concerns, similar to existing designs (for example, Ji et al., 2010 and Yuan et al., 2018),
we include the following two safety rules in TITE-CRM throughout the trial.
— [Rule 1: Dose Exclusion] At any moment in the trial, if ng + mg > 3 and Pr(pg > pr |
ng, mq) > 0.95, exclude dose d and higher doses from the trial.
— [Rule 2: Early Termination] If the current dose is the lowest dose (the first dose) and is
considered excessively toxic according to Rule 1, terminate the trial due to excessive toxicity.
Here, Prob{pq > pr | Data} is a function of the cumulative beta distribution Beta(ag + yq, So +
ng — ya). We use ag = [y = 1. For rolling designs, at the time a dose is deemed unsafe and
suspended, there may be some patients with pending outcomes at this dose level. Once their data
are observed later, if the safety rule is no longer violated given the new data, this dose could be

reopened for further evaluation.
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2.3.7.5 Trial Termination

The TITE-CRM design stops a trial if any of the following conditions are satisfied:
1. The prespecified maximum total sample size is reached;
2. The lowest dose shows excessive toxicity according to Rule 2 in §2.3.7.4; in this case, the

MTD cannot be determined;

2.3.7.6 MTD Selection

Once all the enrolled patients complete the DLT observation and if the trial is not stopped due to
Rule 2 in §2.3.7.5, the dose level d** is selected as the MTD with the smallest difference of |p; — pr|

among all tried and safe doses d, where Py is the posterior mean of toxicity probability for dose d.
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3. Single-Agent Dose-Finding Designs with
Efficacy&Toxicity Endpoints and Cohort

Enrollment

3.1 Introduction

Gene therapies and adoptive cell therapies (ACTs), such as the chimeric antigen receptor (CAR)
T-cell therapy, have demonstrated promising therapeutic effects in oncology patients. An important
and distinct feature of some ACTs is that the probability of response may not increase with dose,
which is normally seen for cytotoxic cancer therapeutics. For example, Porter et al. (2011) has
shown that increased dose of CAR T-cells does not necessarily lead to higher efficacy. Because
of the potential non-monotone relationship between response and dose, traditional phase 1 dose-
finding designs searching for the maximum tolerated dose (MTD), like i3+3 (Liu et al., 2020) and
mTPI-2 (Guo et al., 2017b) designs, are not suitable to ACTs. For example, the best efficacious
dose may be lower than the MTD as higher doses may not lead to higher efficacy.

To this end, the East Bayes introduces the Single-Agent Dose-Finding Designs with Effi-
cacy&Toxicity Endpoints and Cohort Enrollment module which consists of five novel statistical
designs for gene and cell therapeutics dose-finding trials. The module performs trial simulations
allowing head-to-head comparison of multiple designs, so that users may select the best design for
their own clinical trials. The included novel designs are Ji3+3 (Lin and Ji, 2020b), PRINTE (Lin and
Ji, 2020a), TEPI (Li et al., 2017), EffTox (Thall and Cook, 2004) and UBOIN (Zhou et al., 2019b),
all of which use joint toxicity and efficacy outcomes as endpoints for dose finding. The goal is to
identify the optimal biological dose (OBD) that possesses high efficacy and safety simultaneously.

As with all other East Bayes modules involving trial simulation, below we provide detailed guid-
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ance on setting up simulation for design comparison, and visualising simulation results (operating
characteristics). In addition, the decision tables generation and the OBD selection are incorporated
in this module so that users may generate the decision tables to guide trial conduct and estimate the

OBD after trial completion. All the details are provided next.

129



Cytel

Module 3. Single-Agent Dose-Finding Designs with Efficacy&Toxicity Endpoints and Cohort
Enrollment

3.2 User Interface and Tutorial

3.2.1 Overview

Entering the Single-Agent Dose-Finding Designs with Efficacy& Toxicity Endpoints and Cohort
Enrollment page, users will see four main tabs: Simulation Setup, Simulation Results, Decicion
table and OBD selection. These four tabs allow user to conduct simulations and visualize/download
simulation results, generate decision tables for trial conduct, and select OBD after trial is completed.
In the Simulation Setup tab, there are three steps (Figure 3.1): 1) Set trial parameters, 2) Select
designs, and 3) Generate scenarios. Users need to complete the current step to get access to the
next one. Upon completing steps 1-3, users click the “Launch Simulation” button at the bottom of
the page to submit the simulations to the cloud for computation. Users may also click the ‘“Reset”
button next to Launch Simulation to clear all settings. After the simulation is launched, the results
of simulations will be displayed in the Simulation Results tab. The simulation process can be
monitored in real time at the top of the Simulation Results tab. Detailed steps of using this module
are elaborated next in §3.2.2-§3.2.5.

Single-Agent Dose-Finding Designs with Efficacy & Toxicity Endpoints and Cohort Enrollment ® User Manual

Simulation Setup Simulation Results Decision Table OBD Estimation

Step 1: Set trial parameters @
n

sim Rseed

10 32432

p Qe dn

0.3 0.2 - £ Apply

L

Step 2: Select designs
Ji3+3 | PRINTE | TEPI  EffTox = UBOIN
/ Step 3: Generate scenarios @ \
Manual Construction
Generate
- /

Launch Simulation Reset

Figure 3.1: Simulation Setup in the Single-Agent Dose-Finding Designs with Efficacy & Toxicity

Endpoints and Cohort Enrollment module.
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3.2.2 Simulation Setup

In the Single-Agent Dose-Finding Designs with Efficacy&Toxicity Endpoints and Cohort En-
rollment module, East Bayes provides five designs, Ji3+3, PRINTE, TEPI, Efftox, UBOIN, for
simulation. Users can choose up to four designs for head-to-head comparison in the Simulation

Setup tab each time. Three steps of simulation set up are needed.

3.2.2.1 Step 1: Set trial parameters

Specify the number of simulations (ng;,,) and the random seed of simulation (Rg..q). Specify
the target toxicity probability (pr) and minimum acceptable efficacy (qg) for the simulated trials
and select a number of doses (724,se) from the dropdown box. Click the “Apply” button to apply
the settings. See Figure 3.2. Hover mouse over the question mark icon, and a description will
be displayed explaining the meaning of the parameters. The detailed explanation on East Bayes

interface of the above four input arguments is provided in Table 3.1.

Step 1: Set trial parameters ®

Nsim Rseed
10 32432
2 qe dn
0.3 0.2 - +  Apply

Figure 3.2: Set trial parameters in the Single-Agent Dose-Finding Designs with Effi-

cacy&Toxicity Endpoints and Cohort Enrollment module.

Upon clicking the “Apply” button, a table of actual dosage will be displayed. Specify the
dosage of each dose level in the table.(Figure 3.3) This is only needed if the EffTox design is
selected in Step 2 next. If EffTox is not going to be selected, leave the table unchanged and move to
Step 2.

3.2.2.2 Step 2: Select designs

To select a design, click the button with the design’s name on it. Up to four designs may be selected

for head-to-head comparison.
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pr 9e dn

03 0.2 5 4+ | Edit

Set actual dosages

Please input the actual dosage at each dose level (only needed for the EffTox design). The actual dosage must be in the same unit and increasing over dose.

Dose Level il 2 3 4 8

Actual
Dosage

Figure 3.3: Selecting actual dosage in the Single-Agent Dose-Finding Designs with Effi-

cacy&Toxicity Endpoints and Cohort Enrollment module.

Check the “Apply Stopping Rule” box to apply an ad-hoc stopping rule that stops the trial if a
maximum number of patients has been enrolled at a single dose. See the detailed rules in §3.3.

Click the “Draw” button to plot a contour map of the utility function. The horizontal axis
represents efficacy and the vertical axis represents toxicity. See Figure 3.4.

Click the “Apply” button of all the designs before launching simulations to apply all settings.

Click the “Delete” button to remove the selected designs.

Design parameters can be modified in the input box. Hover mouse over each design parameter,
and a description will be displayed explaining the meaning of the parameters. See detailed parameter

descriptions in Table 3.2.
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Table 3.1: Input parameters for trials parameters in the Single-Agent Dose-Finding Designs with

Efficacy& Toxicity Endpoints and Cohort Enrollment module.

Notation Parameters Description
Nsim The number of sim- | The maximum number of simulated trials allowed is
ulated trials 10,000. Default value is 1,000.
Rgeeq The random seed of | A random seed is a number used to initialize a pseudoran-
simulation dom number generator in the simulation. Default value is
32432.
pT Target toxicity | The target toxicity probability of the maximum tolerated
probability dose (MTD). Default value is 0.3.
qE Minimum accept- | The minimum acceptable efficacy used in the futility rule.
able efficacy A dose is considered not promising if the efficacy rate is
unlikely to be larger than ¢g. Default value is 0.2.
Ndose Number of doses The number of doses in the trial.
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Step 2: Select designs
PR\NTE TEPI | EffTox | UBOIN

Ji3tz @

1 s 30 1 0.05 0.05 Apply Stopping Rules

Target Efficacy Probability

P

0.6

Utility Function Draw

Prespecified cutoff values in utility function on toxlcity: g2 0.4

Prespecified cutaffvalues in utility function on efficacy: g3 0.6

Safety, Futility & Selection Rules

Peit Qeun Parud

0.85 0.95 0.1

Beta Prior Distribution

Parameters of toxicity rate: | 1

a by
Parameters of efficacy rate: g5 s
Apply Delete

Figure 3.4: Select designs in the Single-Agent Dose-Finding Designs with Efficacy&Toxicity

Endpoints and Cohort Enrollment module.
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Table 3.2: Input parameters for designs in the Single-Agent Dose-Finding Designs with Effi-

cacy&Toxicity Endpoints and Cohort Enrollment module.

(all designs)

Notation Parameters Description

dstart Starting dose level | The starting dose level in the simulated trials. Default value
(all designs) is 1.

n Sample size The maximum number of patients to be treated in the trial.

The upper limit is set at 100 since the number of patients
that are enrolled in phase I clinical trial is typically small.

Default value is 30.

Neohort Cohort size The number of patients in each cohort. Default value is 3.

(all designs)

K Maximum number | A number used in the “Stopping Rule” that stops a trial if

(all designs) | of patients atadose | 1) the dose-assignment decision is to escalate to the next

level higher dose and there has been K patients enrolled at that

dose; or 2) the dose-assignment decision is to stay at the
current dose and there has been K patients enrolled at that
dose; or 3) if the dose-assignment decision is to de-escalate
to the previous lower dose and there has been K patients
enrolled at that dose; Default value is 12.

Deut Cutoff probability | A cutoff probability used in the safety rule. Exclude dose

(all designs) for futility rule d if Pr(py < pr|Data) > pey, where pp is the target
toxicity probability. Default value is 0.95.

Qeut Cutoff probability | A cutoff probability used in the futility rule. Exclude dose

(all designs) for efficacy rule d if Pr(qq < qg|Data) > qeut, where gg is the minimum
acceptable efficacy. Default value is 0.7.

PE Target efficacy | The lower bound of the response probability for the treat-

(Ji3+3, probability ment to be considered promising and warrant further clini-

PRINTE) cal development. Default value is 0.4.

€1,€9 €1: lower margin | Two small fractions used to define the equivalence interval

(Ji3+3, €2: higher margin of the MTD. Any dose with a toxicity probability falling

PRINTE) into the interval [py — €1, pr + €2] is considered an accept-

able dose MTD. Default values for both are 0.05.
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S Prespecified cutoff | Cutoff values in utility function for toxicity. The toxicity

(Ji3+3, values in utility | utility score is 1 when p < pj, is 0 when p > p3 and lin-

PRINTE, function on toxicity | early decreases when p is between (p3, p3). Default values

TEPI) are 0.2 and 0.4.

q31.95 Prespecified cutoff | Cutoff values in utility function for efficacy. The efficacy

Ji3+3, values in util- | utility score is 0 when p < pj, is 1 when p > p3 and lin-

PRINTE, ity function on | early increases when p is between (p}, p3). Default values

TEPI) efficacy are 0.2 and 0.6.

Pgrad Cutoff probability | A cutoff value used when choosing OBD. If the posterior

(Ji3+3, for a dose to be | probability of utility function lying in the admissible utility

PRINTE) considered as OBD | region is below py;.q4, no OBD will be selected and the trial
ends without selecting an optimal dose. Default value is
0.2.

a1, by Prior beta distribu- | The parameters in the prior beta distribution of toxicity

(Ji3+3, tion parameters of | rate, Beta(ay,b;). Default values for both are 1 to be con-

PRINTE, toxicity rate servative, since a Beta(1,1) prior implies a prior a dose has

TEPI) a toxicity rate of 0.5 with effective sample size of 0.5.

az, bo Prior beta distribu- | The parameters in the prior beta distribution of efficacy

(Ji3+3, tion parameters of | rate, Beta(ag, be). Default values for both are 0.5, which

PRINTE, efficacy rate is Jefferey’s prior (Jeffreys, 1946).

TEPI)

S1 Maximum sample | The maximum number of patients to be treated in one dose

(UBOIN) size in one dose at | at stage 1. Move to stage 2 when the number of patients

stage 1 treated on one of the doses reaches s;. A value between

9 and 15 generally yields good operating characteristics.
Default value is 12.

S92 Maximum sample | The maximum number of patients to be treated in one dose

(UBOIN) size at one dose at | at stage 2. Stop the trial and choose OBD when the number

stage 2

of patients treated at one of the doses reaches so. For most
trials, a value between 18 and 24 is a reasonable choice for

So. Default value is 18.
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Pick The | Methods to select | Pick The Winner: The pick-the-winner (PW) approach

Winner, next dose deterministically assigning the next cohort of patients
Adaptive to dose that has the largest posterior mean utility.
Random- Adaptive Randomization: The adaptive randomization
ization (AR) approach adaptively randomizes the next cohort of
(UBOIN) patients to a dose with probability proportional to its pos-
terior mean utility.
T g T s Parameters in the | 7] p is the smallest efficacy probability that the physi-
T3 g T3 desirable trade-off | cian would consider desirable if toxicity were impossi-
(EffTox) target values ble. 75 is the maximum desirable value of toxicity

if the efficacy were 1. Set 7] p, 75 1, T3 p, T3 so that
= (7r>1k7E,0),7r’2k = (1,7T§7T),7T§ = (7T§7E,7T§7T) Default
values are 0.15, 0.6, 0.25, 0.3.
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3.2.2.3 Step 3: Generate scenarios

There are two ways to generate scenarios, automatically (in the “Auto Generation” tab) or through
manual construction (in the “Manual Construction” tab). Users could also manually add or delete
scenarios. Once scenarios are generated, click the button “Submit” to notify the software that the
scenarios are final, then click the “Launch Simulation” button at the bottom of the page to run 14,
(set in step 1) simulations, for each scenario and selected design (set in step 2), using the pr and qg

values. (set in step 1).

3.2.2.3.1 Auto Generation Click the “Auto Generation” button and six diverse scenarios will
be created automatically, each of which contains the true toxicity probabilities for ng4,se dose levels.
These generated scenarios are displayed (Figure 3.5). One can click the (®J button to delete any

scenario.

3.2.2.3.2 Manual Construction A list of toxicity/efficacy probabilities are displayed. Click
“Add” to add an empty, editable row of toxicity or efficacy probabilities. Click the (®J button to
delete the row. Click “Delete All” to delete all the rows.

Check the “Select” box in the front to select the row of toxicity or efficacy probabilities. Click
“Select All” to select all the toxicity or efficacy rows.

Upon selection, click “Generate” to generate scenarios which will combine existing rows of
toxicity and efficacy probabilities. The scenarios will be displayed in. (Figure 3.7)

Once the scenarios are generated, clicking the (&) button will delete a scenario. Clicking
“Delete All” will delete all the scenarios. Click the “Submit” button to notify the software that all
the scenarios are final (Figure 3.7). If there are duplicated scenarios in the list, a message will be
displayed on the website to indicate that the duplicated scenarios have been removed. Click the

“OK” button to proceed to launch simulation. (Figure 3.8)

3.2.2.4 Launch Simulation

Once the above Steps 1-3 are completed, users can conduct simulated clinical trials to examine
the operating characteristics of the selected designs using the selected scenarios, by clicking the
“Launch Simulation” button at the bottom of Simulation Setup tab (Figures 3.7). A “Success”
message will be displayed on the website (Figure 3.9) to indicate that the simulation has been
successfully launched. Users may click the “OK” button in the pop-up box to track the simulation

processing status and simulation results.
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Step 3: Generate scenarios @

Auto Generation Manual Construction
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True toxicity probalities of dose levels

: Delete
Scenario Index
All
1 2 3 4 5
Tox
o.08 0.1 0.24 0.32 0.4
prob.
1 = |
E
0.16 0.32 0.48 0.64 0.8
prob.
Tox
0.08 0.16 0.24 0.32 0.4
prob. TE[
2
Eff
0.23 0.47 0.7 0.7 0.7
prob.
Tox
0.08 0.16 0.24 0.52 0.56
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3
Eff
0.2 0.28 0.36 0.44 0.52
prob.
Tox
0.13 0.17 0.21 0.26 0.3
prob.
4 . )
E
011 0.16 0.2 0.41 0.63
prob.
Tox
0.38 0.42 0.46 0.5 0.54
prob,
g ff o
£ 0.2 0.28 0.36 0.44 0.52
prob.
Tox
b 0.08 0.16 0.24 0.32 0.4
prob.
6 = ]
E
0.04 0.08 0.12 0.16 0.2
prob.
Submit

e

Figure 3.5: Automatically generated scenarios in the Single-Agent Dose-Finding Designs with

Efficacy&Toxicity Endpoints and Cohort Enrollment module.
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Step 3: Generate scenarios @

Auto Generation Manual Construction

Edit and select true toxicity/efficacy probabilities

Please chack boxes under "Select” to select at least ene toxicity probability index and one efficacy probability index. Upon selection, click the "Generate™ button to add
scenarios to the scenario table below the tab by combining selected true toxicity/efficacy probabilities. If the scenario table is not there yet, it will be created. A
toxicity/efficacy probability index can be manually created by clicking the "Add" button. The prebability values at dose levels of an index must be monotonically

increasing.
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4 o
5 a

Add Select All
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Add Select All
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3 4 5t
.47 0.56 0.64
al 0.13 0.17
0.2 0.25 03
0.25 0.2 0.15

Generate

Delete
All

B 85 8 B B2

Delete
All

B 2 B B2

Figure 3.6: Selecting toxicity and efficacy in the Single-Agent Dose-Finding Designs with Effi-

cacy&Toxicity Endpoints and Cohort Enrollment module.
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True toxicity probalities of dose levels
Delete
Seenario Index
All
1 2 3 4 5
Tox
0.08 0,16 0.24 032 0.4
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1 1w
Eff
0.16 032 0.48 D.64 0.8
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Tox
0.08 016 0.24 0.32 0.4
prob.
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Eff
0.23 0.47 07 0.7 or
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prob.
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Eff
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0.2 0.28 0.36 0.44 0.52
prob.
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0.08 0.16 0.24 0.32 0.4
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prob,
Submit
Launch Simulation Reset

Figure 3.7: Selecting scenarios in the Single-Agent Dose-Finding Designs with Effi-

cacy&Toxicity Endpoints and Cohort Enrollment module.

Tox prob. 0.24

i Notice

Eff prob. 0.6
Duplicate results have been removed

Tox prob. 0.24
.

Eff prob. 0.16

Figure 3.8: Removing the duplicated scenarios in the Single-Agent Dose-Finding Designs with

Efficacy&Toxicity Endpoints and Cohort Enrollment module.
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Submit

0.54

0.52
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Figure 3.9: “Launch Successful” message after launching simulation in the Single-Agent Dose-

Finding Designs with Efficacy & Toxicity Endpoints and Cohort Enrollment module.
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3.2.3 Simulation Results

In the Simulation Results tab, users can view and delete the simulation progress and simulation
results (§3.2.3.1), restore the simulation settings if needed (§3.2.3.2), and download intelligent sim-
ulation reports (§3.2.3.3). Specifically, all the simulation results (figures and tables) can be down-
loaded in Word format, accompanying the statistical sections in a trial protocol. Hereinafter, we use

simulation results and operating characteristics interchangeably.

3.2.3.1 View simulation results

In the Simulation Results tab, the Running Simulations panel exhibits the progress of ongoing
simulation (Figure 3.10). The ongoing simulations are displayed in ascending order by the launch

time. Click the icon “Xx” to delete the corresponding simulation.

Single-Agent Dose-Finding Designs with Efficacy & Toxicity Endpoints and Cohort Enrollment ® User Manual

Simulation Setup Simulation Results Decision Table OBD Estimation
22 Running Simulations
Designs # Scenarios Launch Time Progress

Ji3+3, EffTox, UBOIN 6 2021-06-17 20:40:05 99% & X

Figure 3.10: Simulation progress in the Single-Agent Dose-Finding Designs with Effi-

cacy&Toxicity Endpoints and Cohort Enrollment module.

Once the simulations are completed, the Running Simulations panel in Figure 3.10 will dis-
appear, success “simulation result created” messages will appear instead and stay at the same place
of the Running Simulations panel unless explicitly dismissed by clicking the icon *“x” at the end of
the corresponding row, and the simulation results will be automatically loaded into the Simulation
History panel (Figure 3.11), with the blue mail icon shown to indicate new results. All the previ-
ously completed simulations are also listed in the Simulation History panel. Simulation results for
other modules can also be viewed under the Simulation History by dropping down the “Select a

Design Category” button (Figure 3.11).
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Simulation Setup Simulation Results Decision Table OBD Estimation

1 simulation result created -- 2021-06-17 20:40:05 -- Ji3+3, EffTox, UBOIN - 6 X

Simulation History
Select a Design Category: Single-Agt Dose-Finding - EffTox Endpoints & Cohort Enrollment 3

C: Single-Agent Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, R: Single-Agent Dose-Finding Design with Toxicity Endpoint and Rolling Enrollment, T:
Single-Agent Dose-Finding Design with Efficacy & Toxicity Endpoints and Cohort Enrollment, D: Dual-Agents Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment,
B: Basket-Trial Design,S: Subgroup Enrichment and Analysis

e Click the button to display simulation results.
o Clickthe ') button to import simulation settings into the Simulation Setup tab.
o Clickthe [ button to delete simulation results.

o Clickthe & button to download a report of simulation results in word or zip file that includes a protocol template with a statistical section incorporating simulation

results.
Type  LaunchTime Duration Designs Labels #Scenarios  Actions Version
) e EB
T 2021-06-1720:40:05  00:00:33 &  Ji3+3, EffTox, UBOIN 2 s D0 & 10,0
) = EB
T 2021-06-1720:16:15  00:00:32 &% Ji3+3 Z s Dim|& 100
Total: 2

Figure 3.11: Simulation Results in the Single-Agent Dose-Finding Designs with Effi-

cacy&Toxicity Endpoints and Cohort Enrollment module.

Click the button (8] to unfold the simulation results (Figure 3.12). The design settings are
firstly displayed at the top of each simulation study (Figure 3.12). Then the results of simulation
are shown as plots and tables below. And one can also click the (8] button to delete the selected

simulation results.

Type  LaunchTime Duration Designs Labels #Scenarios  Actions Version
. = EB
T 2021-06-1720:40:05  00:00:33 Ji3+3, EffTox, UBOIN 2 s e 929 @ & Lo.0

Simulation Inputs:
Trial Params: Nsim=10 Rseed=32432 Pr=0.3 Q=02 Ngose=5

Design 1 (Ji3+3): dsart=1 N=30 Neoport=3 €;=0.05 €=0.05 Pg=0.6 p;*=02 P,*=04 (;*=02 3*=0.6 Pcy=0.95 qcye=0.95

Pgrag=0.1 a1=1 bi=1 a,=05 by=05

Design 2 (EffTox): dstart=1 N=30 Neoho=3 Te=0.15 TH7=06 T3g=025 T37=0.3 Per=095 Qeye=0.95

Design 3 (UBOIN): detart=1 N=30 Neohort=3 S1=12 =18 Yp=03 P3=05 Pcy=0.95 (cye=0.95 with Pick the Winner method

Figure 3.12: View the simulation results in the Single-Agent Dose-Finding Designs with Effi-

cacy&Toxicity Endpoints and Cohort Enrollment module.
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3.2.3.1.1 Tabulated Results by Scenarios
Full simulation results are presented in tabular format arranged by scenarios (Figure 3.13).

In the upper part of Figure 3.13, the first three columns summarize dose levels, their true toxic-
ity and true efficacy probabilities; the remaining columns report four dose-specific summary statis-
tics from the simulations: selection probability, average number of patients treated, average number
of toxicities (i.e. DLTs), along with their standard deviations, and average number of responses,

along with their standard deviations, at each dose level. Specifically, they are

1) Selection Prob.: The proportion of simulated trials that select each dose level as the MTD.

2) Average # of Patients Treated (s.d.): The average number of patients treated at each dose
level and its standard deviation.

3) Average # of Toxicities (s.d.): The average number of patients experienced DLT at each dose
level and its standard deviation.

4) Average # of Responses (s.d.): The average number of patients observed efficacy response

at each dose level and its standard deviation.

The true OBD(s) of the scenario is (are) highlighted by the orange bar. The true OBD is defined
as the dose that achieves the highest utility, which could be calculated using true toxicity, efficacy
probabilities and the utility function.

In the lower part of Figure 3.13, more trial-specific summary statistics are reported, mainly
from five aspects: OBD Selection, Subjects Assignment, Trial Toxicity, Trial Stopping and Trial
Sample Size. Specifically, they are

e OBD Selection

— Prob. of Selecting OBD: The proportion of simulated trials that select the true OBD at
the end of the trial. The higher the value, the better the design.

— Prob. of Selecting Does-over-MTD: The proportion of simulated trials that select the
doses higher than the true MTD at the end of the trial. The lower the value, the better
the safety of the design.

— Prob. of No Selection: The proportion of simulated trials in which none of the dose
levels are selected as the OBD. If a scenario does not have any OBD, this values is
treated as the probability of selecting the true OBD.

e Subjects Allocation

— Prob. of Correct Allocation (s.d.): The average proportion of patients who are cor-
rectly assigned to the true OBD by the design across all the simulated trials and its
standard deviation. The higher the value, the better the design.
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— Prob. of Overdosing Allocation (s.d.): The average proportion of patients who are
assigned to doses higher than the MTD by the design across all the simulated trials and
its standard deviation. The lower the number, the better the safety of the design.

e Trial Toxicity

— Prob. of Toxicity: The proportion of patients experiencing DLT across all the simulated

trials. The lower the number, the fewer patients having DLTs under the design.
e Trial Stopping

— Prob. of Early Stopping Trial due to No admissible dose: The proportion of simulated
trials in which the trial is stopped because there is no admissible dose left. This means
that all the doses have unacceptable toxicity or efficacy and are excluded by safety rule
or futility rule.

— Prob. of Early Stopping Trial due to Reaching K: The proportion of simulated trials
in which the trial is stopped because the dose-assignment decision is to escalate/stay/de-
escalate to a dose level but that dose has enrolled at least K patients (K < n, e.g.,
K =12).

— Prob. of Stopping Trial due to Reaching n: The proportion of simulated trials in
which the trial is stopped because the total number of patients enrolled and treated in a
trial has reached or exceeded the pre-specified maximum sample size n.

e Trial Sample Size

— Average # of Patients Treated (s.d.): The average number of patients treated in the
simulated trials and its standard deviation. Due to early stopping, this number is lower
than or equal to n.

o Statistics of UBOIN

— Prob. of Entering Stage II: The proportion of simulated trials in which the trial enters
Stage II because the number of patients at one dose has reached or exceeded the pre-
specified maximum sample size s; in Stage 1.

— Average # of Patients Treated in Stage I:The average number of patients treated in
Stage I in the simulated trials.

— Average # of Patients Treated in Stage II: The average number of patients treated in

Stage II in the simulated trials.

When calculating the standard deviation, we use n;,, as the denominator instead of (1, — 1)

in East Bayes.
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Simulation Qutputs:
W Tabulated Results by Scenarios
Scenario 1
Selection Prab. fveree oftPa;l)ents icated Average ¥ of Toxicities (s.d.) Average # of Responses (s.d.)
5.0.)
e True True Design Design Design Design Design Design Design Design Design Design Design Design
e Tox Eff 1 3 3 1 2 3 1 2 3 1 2 3
Prab, Prab, Ji3+3 EffTox UBOIN Jiz+3 EffTox UBOIN Jid+3 EffTox UBOIN Ji3+3 EffTox UBCOIN
4 0.08 016 o1 01 0 3.3 4.5 8.7 0.1 0.6 0.3 0.8 0.8 19
: . i : (0.9) 14.5) (3.407) (0.3) (0.917) (0.98) (0.6) (1.166)  (1.578)
3 0.16 032 03 g i 9 36 10.2 1.2 0.6 21 33 0.9 3.7
e £ g " (7.348) (1.2) (4.069)  [1.249)  (0.663)  (L.221)  (2.968)  (0.539)  (1.616)
8.4 8.7 6.3 23 kgt 18 4.5 4 29
k) 0.24 0.48 0.3 0.1 0.3
(6.264) (6.067) (3.662) (2.238) (1.487) (1.327) (4.653) (4.171) (2.3)
(8] 87 3.6 18 3.4 1.5 4.5 57 2.2
q 0,32 0.64 03 0.6 0.1
(6,997) (5.274) (2.939) (1.939) [2.653) (1.36) (4.522) {4,383) (1.833)
15 4.5 12 0.8 19 0.2 13 36 12
5 0.4 0.8 o] 0.2 0.2
(2.419) (5.408) (2.4) (1.327) (2.071) (0.4) (2.369) (4.152) (2.4)
* The cell with orange background color indicates the TRUE OBD for each design
Design 1 Design 2 Design 3
Ji3+3 EfiTax UBOIN
Prob. of Selecting DBED 03 0.1 03
08D Selection” Prob. af Selecting Dose-over-MTD 1] 0.2 02
Prob. af No Selectian ] 1] ]
Prob. of Correct Allocation {s.d.) D2k s 0.2
0.209) (0.242) {0.122)
Patients Assignment
0.05 0.29 0.04
Prob. of Overdosing Allocation (s.d )
(0.081) (0.176) (0.08)
Trial Toxicity Prob. of Toxicity 0.207 0.273 0.213
Prob. of Early Stopping Trial due to No Admissible Dosa 0 1] o
Trial Stapping Prob, of Early Stopping Trial due te Reaching K** 0 1] 0
Prob. of Stopping Trial due to Reaching n** i il 1
Trial Sample Size Average # of Patients Treated (s.d.) 20 i 3
Wi i .,
() (@ (0)
Prob. of Entering Stage Il 0.8
Statistics of UBOIN Average # of Patients Treated in Stage | 228
Average # of Patients Treated in Stage || T
* If there is no OBD, Prob. of Selecting 0BD equals to Prob. of Mo Selection
** K, the maximum sample size at a dose; n, the maximum sample size in a trial.

Figure 3.13: Simulation result tables in the Single-Agent Dose-Finding Designs with Effi-

cacy&Toxicity Endpoints and Cohort Enrollment module.
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3.2.3.2 Restore simulation setup

Users can restore the simulation settings from the simulation results by clicking the button at
the upper right corner of each simulation results panel (yellow arrow in Figure 3.14). Upon clicking,
the display will switch to the Simulation Setup page with the same simulation settings restored.

This is useful to restore the old simulation settings for Reproducible results.

Type Launch Time Duration Designs Labels # Scenarios Actions \i 1 Version
O T &

EB
T 2021-06-17 20:40:05 00:00:33 1 Ji3+3, Eff Tox, UBOIN = 6 1.0.0

EB

T 2021-06-1720:16:15  00:00:32 & Ji3+3 74 6 DT & 10,0

Figure 3.14: Restore simulation setup and download simulation results in the Single-Agent Dose-

Finding Designs with Efficacy&Toxicity Endpoints and Cohort Enrollment module.

3.2.3.3 Download simulation results

There is a button at the upper right corner of each simulation results panel (green arrow in
Figure 3.14). Click it to download a word file, which includes four parts:
— Part A: Complete simulation results under the designs and scenarios users added in the Sim-
ulation Setup tab;
— Part B: Detailed technical descriptions of the designs users added in the Simulation Setup tab;
— Part C: Reference.
Users may select the required parts and modify them tailored for their trials or contact us via

email (support@cytel.com) for consulting services.
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3.2.4 Decision Tables

This function generates decision tables based on the Ji3+3, PRINTE, and TEPI designs, which can
be used to conduct a dose-finding trial. Users can click the tabs to switch between the tables for the
Ji3+3, PRINTE, and TEPI designs.

Manually type in the design settings for decision table generation (Figure 3.15). The parame-
ters are the same as the ones in Step 2 (3.2.2.2) in the Simualtion Setup tab. See detailed parameter

descriptions in Table 3.2.

The "Decision Table" is used to generate decision tables for Ji3+3, PRINTE and TEPI designs, which can be used to conduct a phase | dose-finding trial.

PRINTE TEPI

Pt & & Pe

0.3 0.05 0.05 0.6

Qe

0.2

Safety & Futility Rules

Peut Geut
0.95 0.95

Beta Prior Distribution
Parameters of toxicity rate

Parameters of efficacy rate 05 05

Figure 3.15: Input parameters in the Generate Decision Table tab of Single-Agent Dose-Finding
Designs with Efficacy&Toxicity Endpoints and Cohort Enrollment module.

Click the “Generate” button to generate decision table (Figure 3.16). Decision tables are auto-
matically generated for 3, 6, 9 and 12 patients at a dose in the panel below.

To generate a single decision table by specifying the number of patients treated at a dose d, set
ng in the box and click the button “Add”. (Figure 3.16)

For each decision table, the column represents the number of patients responses among those
treated at the dose, and the row represents the number of patients who have experienced dose-
limiting toxicity (DLT) events. Note that these are the counts of patients, not DLT events or re-
sponses. For example, column 3 and row 1 means that among the patients that have been treated at
the current dose 3 of them experiences DLT, and 1 of them responses.

Each cell in the decision table provides the dose-assignment decision based on the readouts
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Ndose

Add

Number of Patients with Responses

0 1 2 8

St Sh S S

. I :Escalate to the next higher dose

Number of Patients with
DLTs

e S*:Stay at the current dose, or escalate to dose d+1 if dis not the highest dose and d*1 is untried

e S:Stay at the current dose

. I : De-escalate to the previous lower dose

® EUE : Escalate to the next higher dose and exclude the current dose from future use in the trial due to unacceptable low efficacy

o DUE : De-escalate to the previous lower dose and exclude the current dose from future use in the trial due to unacceptable low efficacy

. - : De-escalate to the previous lower dose and exclude the current dose and higher doses from future use in the trial due to unacceptable high toxicity

Download One Download All

Figure 3.16: Decision tables in the Generate Decision Table tab of Single-Agent Dose-Finding
Designs with Efficacy & Toxicity Endpoints and Cohort Enrollment module.

from the corresponding row and column. For example, for column 3 and row 1, i.e., 3 patients ex-
perience DLTs, and 1 patient has efficacy response, the decision is “EU”. The letters in the decision

table represent different dose-assignment decisions as shown below:

e “E” stands for escalating to the next higher dose,

e “S*” stands for staying at the current dose, or escalate to dose d + 1 if d is not the highest
dose and d + 1 is untried

e “S” stands for staying at the current dose,

e “D” stands for de-escalating to the previous lower dose,

e “DUT” stands for de-escalating to the previous lower dose, and the current dose and its higher
doses is deemed unacceptable due to severe toxicity and will not be used again in the study.
If at the first dose level, users can choose to early-terminate the trial or not based on their own
discretion.

o “EUE” stands for escalating to the higher dose and marking the current dose as unacceptable
(due to futility) so that it will never be used again in the remainder of the trial.

e “DUE” stands for de-escalating to the previous lower dose, and the current dose is deemed
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unacceptable due to futility and will not be used again in the study.

Some additional detailed explanation of the decisions are provided in the decision table report.

The meaning of the notations are shown below:

e The superscript * on DUE indicates that according to the Ji3+3 design, the decision is S and
the current dose is deemed unacceptable due to futility. In this case, a decision S indicates
a moderate or high toxicity probability, so the only sensible action is to de-escalate to the
previous lower dose, and remove the current dose (due to futility) from the study.

e The superscript ** on DUT indicates that if the current dose is the first dose level, users can

choose to early-terminate the trial or not based on their own discretion.

Click “DOWNLOAD ONE” to download a word file, which includes the design settings and
the single decision table in the tab selected. Click “DOWNLOAD ALL” to download a word file,

which includes the design settings and all the decision tables generated.
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3.2.5 OBD Estimation

In this module, all designs aim to estimate the OBD when the trial is completed and the data is
collected. The detailed statistical models for the included designs are described in §3.3.

First, select a design and provide corresponding model parameters. Second, select the number
of doses (n4yse) from the dropdown box, and an editable table will be shown on the website (Figure
3.17). For the Ji3+3, PRINTE and TEPI design, provide the the number of patients treated, the
observed number of DLT events, and provide the observed number of efficacy events at each dose
into the table; For the UBOIN and Efftox design, provide the observed number of patients who has
no efficacy but DLT ((Yg, Yr) = (0, 1)), no efficacy and no DLT ((Yg, Yr) = (0,0)), efficacy and
DLT ((Yg, Yr) = (1,1)) and the number of patients who has no efficacy and no DLT ((Yg, Y7) =
(1,0)). Click the “Generate” button to estimate the utilities of each dose and estimate the OBD for
the trial. The estimated utility will be displayed in a table and the estimated OBD will be highlighted
in green color as shown in Figure 3.18.

See detailed parameter descriptions in Table 3.2 in §3.2.2.2.
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The "0BD Estimation” is used to estimate the optimal biological dose {OBD) after the trial is completed and the data collected.

Ji3+3 FRINTE TEPI UBOIN EffTox

Step 1: Set design parameters
Pi Qe

0.3 0.2

Utility Function

Prespecified cutoff values in utility function on toxicity 02 0.4
ai a
Prespecified cutoff values in utility function on efficacy & 05
Safety, Futility & Selection Rules
Poa Gt Qyradd
0.95 0.85 0.2

Prior distribution

a by
Prior parameters of toxicity rate 1 1

a ;

0.5 0.5

Prior parameters of efficacy rate
Step 2: Input trial data
dn

5 i Apply

Figure 3.17: Input parameters in the OBD Estimation tab of Single-Agent Dose-Finding Designs
with Efficacy&Toxicity Endpoints and Cohort Enrollment module.
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Estimated utility

Estimated toxicity rate
(s.d.)

Estimated efficacy rate
(s.d.)

0.001

0.001 (0.01)

0.002 (0.021)

The dose highlighted in green is selected as the OBD.

0.001

0.002 (0.021)

0.002 (0.019)

Generate

I . = e

w N ©
» »

0.097

0.142 (0.105)

0.167 (0.141)

0.026

0.674 (0.222)

0.333(0.235)

Figure 3.18: Determine the estimated OBD in the Single-Agent Dose-Finding Designs with Effi-

cacy&Toxicity Endpoints and Cohort Enrollment module.
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3.3 Statistical Methods Review

3.3.1 The Joint i3+3 (Ji3+3) Design

Ji3+3 is a rule-based phase I/II ACT dose-finding design proposed by Lin and Ji (2020b). Building
upon i3+3 (Liu et al., 2020), Ji3+3 takes into account of both toxicity and efficacy outcomes in
making dosing recommendations. Basically, the decision rules of the Ji3+3 design incorporate and
extend the toxicity rules in 1343 with a set of efficacy rules. Simulation results show that Ji3+3
outperforms existing designs when monotonic dose response assumption is violated, and achieves
comparable performance when the assumption holds. Since Ji3+3 is a model-free design, it is

transparent to physicians and simple to implement.

3.3.1.1 Dose-Finding Algorithm

Consider D ascending doses in a single-agent ACT phase I trial. Due to ethical considerations, it is
always assumed that the toxicity probability py increases with dose level d, thatis, p; < --- < pp.
However, the efficacy probability g; may increase initially and then reach a plateau from which
minimal improvement or even decreasing efficacy may be seen with increasing dose. For this reason,
we assume that g4 is not monotone with d, and that p; and ¢4 are independent. Suppose that dose
d is currently used in the trial and ng patients have already been allocated to dose d, with x4 and
14 patients experiencing toxicity and efficacy outcomes. Aggregating across all the doses, the trial
data are denoted as Data = {(ng, x4, yq),d =1,--- ,D}

Denote pr as the target toxicitiy rate, which is the probability of toxicity at the MTD; denote
pE as the target efficacy rate. In Ji3+3, [pr — €1, pr + €2] is defined as the Equivalence Interval (EI),
where (€1, €2) are two small fractions that account for the uncertainty around pr. This allows doses
whose toxicity probabilities differ from pr to be considered as the MTD. Given the observed data
Data, the dose-finding algorithm of the Ji3+3 design is shown in Table 3.3. The algorithm follows

these principles:

1. If there is lack of evidence for efficacy, escalate to achieve higher efficacy; else, stay at the
current dose because it is considered to have sufficient efficacy.
2. For toxicitiy, the idea is to compare the observed toxicity rate i—j with the EI.

Zd
ng

- If i—j is below the EI, the dose is considered safe; if is inside the EI, the dose is

considered to be close to the MTD; if % 1s above the EI, the dose is considered not safe

except when “< ;1 is below the EI.
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Table 3.3: Schema of the Ji3+3 design.

Current dose d; ng patients, x4 Tox, yg Eff

Eff cond. | Tox cond. Next dose (Decision)

fL—Z < EI d+1(E)

% € EI d (S or E*)

Y < pp | 24> FI& =2 <EI d (S)
-1

%>EI&WR—deEI d—1(D)
-1

%>El&xfld > EI d—1(D)

z—j < EI d (S)

2—3 € El d (S)

Y > py %>EI&’”Z;1<EI d (S)
-1

%>EI&%EEI d—1(D)
-1

%>El&x;izd > EI d—1(D)

*: Escalate to dose d + 1 if ng11 = 0.

— When x;l;l is below the EI and fL—Z is above the EI, the data is noisy since increment of

one toxicity event renders the observed toxicity rate to jump from below the EI to above
the EI In other words, the observed data is not very informative because change of one

toxicity event can greatly influence the toxicity estimate.

Consider an example. Suppose EI = [0.2,0.3] with x4 = 1 and ny = 3. Even though Z—Z = %

is above the EI, za—l _ % is below the EI. And therefore, dose d should not be considered as

nq
above the MTD.

3. Intersecting the two dosing principles for toxicity and efficacy, and taking the more conserva-
tive decision between the two, we arrive at the decisions in Table 3.3.

4. When d is the highest dose or lowest dose, the above rules are modified as special cases,

— If the current dose is the highest dose, decision “E” (escalate and treat the next cohort of
patients at the next higher dose) should be replaced with decision “S” (stay and continue

to enroll patients at the current dose), since there is no dose to escalate to.

— Similarly, if the current dose is the lowest dose, decision “D” (de-escalate to the next

lower dose) should be replaced with “S” since there is no dose to de-escalate to.
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Safety and futility rules

— Safety rule: if Pr(pg > pr | ©4,n4) > Pewt for a peys close to 1 (say, 0.95), exclude doses

d,d+1,---, D, from future use in the trial; treat the next cohort of patients at dose (d — 1).

— Futility rule: if Pr(qq < g | Y4, nd) > qeut TOr a geyt close to 1 (say, 0.7), where g is the
minimum acceptable probability of efficacy, then exclude dose d from future use in the trial.

Here, g is the reference efficacy rate, e.g., the efficacy rate of standard care.

Note that, here we assume the prior for each py follows an independent beta(aq,by), and the
prior for each g4 follows an independent beta(asg, ba), where beta(c, 5) denotes a beta distribution
with mean a/(« + [3). The posterior distributions for pg and ¢4 in the above rules are beta(a; +

x4, b1 + ng — x4) and beta(az + yq, b2 + ng — ya), respectively.

Stopping rules
The trial is stopped if

1. the prespecified maximum total sample size n is reached; or
2. the lowest dose shows excessive toxicity according to the safety rule; In this case, the trial is
early stopped and the MTD cannot be determined; or

3. optional:

- the Ji3+3 decision is “S”, to stay at the current dose, and the current dose has enrolled
K patients;

- the Ji3+3 decision is “E”, to escalate to the next higher dose, and that next higher dose
has enrolled K patients;

- the Ji3+3 decision is “D”, to de-escalate to the previous lower dose, and that previous

lower dose has enrolled K patients.

3.3.1.2 Dose Selection

At the end of the trial, Ji3+3 chooses the OBD using a joint utility score U(p,q) = fi(p)f2(q)
(suppressing dose d in the notation), which takes the product of toxicity utility f1(p) in (3.1) and
efficacy utility f2(q) in (3.2).

1, p e (0,p}),
hp) = 1= 52k pe®ip), 3.1)
0, p € (p5,1)
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0, q<(0,q7),
F0) =\ =k, q€ (4 a), (3.2)
1, q€(g5,1).

For toxicity, define two thresholds p] and p3 such that the toxicity utility score is 1 when
p < pi, 0 when p > pj3, and linearly decreases when p is between (pj, p3). For efficacy, define
two thresholds ¢} and ¢5 such that the efficacy utility score is 0 when g < g7, is 1 when ¢ > ¢3,
and linearly increases when g is between (¢, g5 ). The OBD is selected according to the following

process.

1. We generate a total of 7' random samples, {pg),t =1,--- ,T} and {qc(lt)’t =1, ,T},
from the posterior distributions beta(ag + x4, bo + ng — x4) and beta(ao + yq, bo + ng — Ya)

for each dose d, respectively. Here, East Bayes sets ag = bg = 0.005 and 7" = 1000.

2. For toxicity probabilities of all doses in each sample ¢, pt) = (pgt) A p%)), we perform
isotonic transformation using the pool adjacent violators algorithm (PAVA; Mair et al. 2009)
on p) to obtain p® = (“(t), ,foflt)) where ﬁft) < ]350 ifi < j.

3. We propose a probabilistic inference for selecting the OBD and avoid selecting doses with low
utility. Define an admissible probability region (APR) A(p,q) = {(p,q) | p € (0,pr],q €
[gE,1)}. Then the OBD is selected only from the candidate dose set A,

A= {d‘pin,dZpgradand>0,d:17... ,D}7

where pin ¢ = Pr{(pd4,q4) € APR | Data} is the posterior probability that dose d belongs to
APR and pg,q is a small value (say, 0.1). We use a simple a simple numerical approximation

approach to compute p;, 4 given by

T
Pin,d = %Z 1 {(ﬁg),qc(l)) € APR} )
=1

4. The final selected dose d* is the one that maximizes the utility score U(pg, qq). That is,
d* = argmaxye 4 E[U(pa, qq) | Data), where

T
1
E[U(pa, qa) | Data] = ; UGy ag)
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3.3.2 The Toxicity and Efficacy Probability Interval (TEPI) Design

TEPI, proposed in Li et al. (2017), is a practical dose-finding design for ACT trials that incorporates
both toxicity and efficacy data. It is a natural extension of mTPI by adding the efficacy interval into
the dose-finding model. TEPI partitions the unit intervals (0, 1) for both the toxicity probability p;
and efficacy probability ¢; into subintervals, denoted as (a, b) and (c, d), respectively. Then it uses
beta-binomial models to estimate the efficacy and toxicity probability and makes dosing-decisions
based on the joint unit probability mass (JUPM) of the interval combinations (a, b) x (c,d). TEPI

is transparent to clinicians and simple to implement in practice.

3.3.2.1 Elicited decision table

The dose-finding algorithm of TEPI is based on a clinician-elicited decision table in terms of efficacy
and toxicity probability intervals. The procedures of ecliting the decision table are as follows.

Consider D ascending doses in a single-agent ACT phase I trial. Due to ethical considerations,
it is always assumed that the toxicity probability p, increases with dose level d, thatis, p; < -+ <
pp. However, the efficacy probability g; may increase initially and then reach a plateau from which
minimal improvement or even decreasing efficacy may be seen with increasing dose. For this reason,
we assume that ¢, is not monotone with d, and that p; and ¢, are independent. Suppose that dose
d is currently used in the trial and ny patients have already been allocated to dose d, with x4 and
Y4 patients experiencing toxicity and efficacy outcomes. Aggregating across all the doses, the trial
data are denoted as Data = {(ng,zq,yq),d =1,--- ,D}

Partition the unit intervals (0, 1) for p; and g4 into four subintervals. Denoting (a, b) and (c, d)

a subinterval in the partition for p,; and g4 respectively, where

(a,6) € {(0,11), (1, 2), (t2, ). (£, 1) }.

(c.d) € {(0,1), (e1,2), (€2, 3), (e3,1) }.

The interval combinations (a, b) x (¢, d) form the basis for dose-finding decisions, with each com-
bination corresponding to a specific decision, such as dose escalation or de-escalation. East Bayes
uses a default fixed decision for each interval combination, see Table 3.4.

In order to formulate this table, it is required to determine: (i) bounds of efficacy rate interval,

e1, €2, e3, and (ii) bounds of toxicity rate interval, 1, 2, t3.
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Table 3.4: An default decision table for each interval combination.

Efficacy Rate
Low  Moderate  High  Superb

(0,61) (61,62) (62,63) (63, 1)

Low (0,t) E E E E

Moderate (t1,12) E E E S
Toxicity Rate .

ngh (tg, tg) D S S S

Unacceptable (t3,1) D D D D

Note: "E”, ”’S” and ”D” denote escalation, stay and de-escalation, respectively.

3.3.2.2 Dose-finding Algorithm

Building upon the preset table, we set up a local decision-theoretic framework and derive a Bayes
rule. Here, local means that the framework focuses on the optimal decision to be made for the
current dose instead of the trial. We show that the Bayes rule is equivalent to computing the joint
unit probability mass (JUPM) for the toxicity and efficacy probability intervals. For a given region
A, the JUPM is defined as the ratio between the probability of the region and the size of the region.
Considering the two-dimensional unit square (0,1) x (0, 1) in the real space, the JUPM for each
interval combination (a, b) x (¢, d) is
) _ Pr{p4 € (a,b),q4 € (c,d) | D}

(C7d —
JUPM = ;0 b<1;0 d<1. 33
(a,b) (b—a)x(d—c) 0<a<o<;O<e<a< 3.3)

Here, the numerator, Pr{p; € (a,b),qq € (¢,d) | D}, is the posterior probability of p, and g4

falling in the interval (a, b) and (¢, d), respectively.

Assume the prior for each p; follows an indepedent beta(ai,b1), and the prior for each g4
follows an independent beta(asg, ba), where beta(c, 3) denotes a beta distribution with mean (aaTﬂ)
The posterior distributions for pg and g4 are beta(ay + x4,b1 + ng — x4) and beta(az + yq, b2 +
ng — Yq), respectively.

Based on the posterior distributions, there exists a winning interval combination (a*,b*) x
(c*, d*) that achieves the maximum JUPM among all the combinations in Table 3.4, and the corre-
sponding decision for that combination is selected for treating the next cohort of patients.

The basic dose-finding concept of TEPI is as follows. Assume that the current patient cohort
is treated at dose d. After the current cohort completes DLT and response evaluation, compute the

JUPMs for all the interval combinations in Table 3.4. The TEPI design recommends E,” S,” or D”,
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corresponding to the combination with the largest JUPM value according to Table 3.4.

In practice, the TEPI design needs to be calibrated according to physicians’ needs. This is
transparent and requires some effort. The tuning is for the intervals in Table 3.4 so that the dosing
decisions are satisfactory to the clinicians.

To enable ethical constraints, below are two additional rules as part of the dose-finding algo-

rithm to exclude any dose with excessive toxicity and any dose with unacceptable efficacy.

Safety and futility rules

— Safety rule: if Pr(pg > pr | 4,n4) > Peut for a peys close to 1 (say, 0.95), exclude doses

d,d+1,---, D, from future use in the trial; treat the next cohort of patients at dose (d — 1).

— Futility rule: if Pr(¢q < ¢z | Yd,md) > Geut fOr a geys close to 1 (say, 0.7), where ¢ is the
minimum acceptable probability of efficacy, then exclude dose d from future use in the trial.

Here, ¢ is the reference efficacy rate, e.g., the efficacy rate of standard care.

Note that, here we assume the prior for each p, follows an independent beta(a,by), and the
prior for each g4 follows an independent beta(asg, ba), where beta(c, 5) denotes a beta distribution
with mean a/(a + (). The posterior distributions for p; and ¢4 in the above rules are beta(a; +

x4, b1 + ng — x4) and beta(az + yq, b2 + ng — ya), respectively.

Stopping rules
The trial is stopped if

1. the prespecified maximum total sample size n is reached; or

2. the lowest dose shows excessive toxicity according to the safety rule; In this case, the trial is
early stopped and the MTD cannot be determined; or

3. optional:

- the TEPI decision is “S”, to stay at the current dose, and the current dose has enrolled
K patients;

- the TEPI decision is “E”, to escalate to the next higher dose, and that next higher dose
has enrolled K patients;

- the TEPI decision is “D”, to de-escalate to the previous lower dose, and that previous

lower dose has enrolled K patients.
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3.3.2.3 Dose Selection

At the end of the trial, TEPI selects the most desirable dose as the OBD based on a utility score
that balances the toxicity and efficacy trade-off. The utility score function is defined as U(p, q) =
f1(p) f2(q) (suppressing dose d in the notation), where p denotes the toxicity rate, and ¢ denotes the
efficacy rate.

Both fi(-) and f3(-) are truncated linear functions, given by

1, p € (0, pi-
fip) =1 -2 p e (pf,p), 34
0, p € [p31)
0, q € (0,41].
fola) = 25 g€ (af03), (3-5)
1, q€lg,1)

where p*’s and ¢*’s are prespecified cutoff values. The OBD is selected according to the following

process.

1. We generate a total of 7' random samples, {pg),t =1,--- ,T} and {qc(lt),t =1, ,T},
from the posterior distributions beta(ag + x4, bg + ng — x4) and beta(ao + yq, bo + ng — Ya)
for each dose d, respectively. Here, East Bayes sets ag = bg = 0.005 and 7" = 1000.

2. For toxicity probabilities of all doses in each sample ¢, pt) = (pgt) AR p%)), we perform

isotonic transformation using the pool adjacent violators algorithm (PAVA; Mair et al. 2009)

on p to obtain p® = (f)ﬁt), - ,]3&”), where ﬁgt) < 13§t) ifi <j.
3. Let A = {d|ng>0,d=1,---,D} denote the candidate dose set from which doses have

been excluded according to safety and futility rules, the final selected dose d* is the one that

maximizes utility scores U (py, qa), that is, d* = argmaxyc 4 E[U(pa, qa) | Data], where

T

B 1
E[U(pd,qa) | Data] = = ZU@S),CI?)).
t=1
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3.3.3 The Probability Intervals of Toxicity and Efficacy (PRINTE) Design

PRINTE (Lin and Ji, 2020a) builing upon previous work in TEPI (Li et al., 2017), is a dose-finding
design which utilizes both toxicity and efficacy in making dosing decisions. Similar to TEPI,
PRINTE partitions the unit intervals (0, 1) for both the toxicity probability p; and efficacy prob-
ability ¢; into subintervals, and makes dosing-decisions based on the posterior probability of the
interval combinations. Compared to TEPI, it does not require a physician-elicited decision table,
the choice of which could be arbitrary and difficult, and might be subjective to Ockhams razor (Guo
et al., 2017b). Instead, PRINTE utilizes a decision principle that is simple and transparent, and is

commonly applied in practice.

3.3.3.1 Probability Model

Consider D ascending doses in a single-agent ACT phase I trial. Due to ethical considerations, it is
always assumed that the toxicity probability py increases with dose level d, thatis, p; < --- < pp.
However, the efficacy probability g; may increase initially and then reach a plateau from which
minimal improvement or even decreasing efficacy may be seen with increasing dose. For this reason,
we assume that g4 is not monotone with d, and that p; and ¢4 are independent. Suppose that dose
d is currently used in the trial and n, patients have already been allocated to dose d, with x4 and
14 patients experiencing toxicity and efficacy outcomes. Aggregating across all the doses, the trial

data are denoted as Data = {(ng, x4, yq),d =1,--- ,D}

Let pr be the target toxicity probability and pg be the target efficacy rate. Define the equiva-
lence interval (EI) as [pr — €1, pr + €2] where €1 and €2 are two small fractions that allow toxicity

probability of MTD to be in a range of values, rather than a single point pr.

Consider the unit square of Q = (0,1) x (0,1) (here, operation x represents the Cartesian
product) representing the joint probability square of toxicity and efficacy probabilities. For toxicity,
there are three probability intervals, (0, pr —e€1), [pr — €1, pr+e€2], and (pr+ €2, 1), which represent
the under-dosing, equivalence, and over-dosing intervals. For efficacy, consider two probability
intervals, (0, pg| and (pg, 1), which corresponds to low and high probability of efficacy. Denote
Stox = {(0,pr—e€1), [pr — €1, pr+€2], (pr+€2, 1)} as the set of three toxicity probability intervals
and S.rr = {(0,pEe|, (pE,1)} as the set of two efficacy probability intervals. Taking a Cartesian

product of the two sets, we obtain a set of six probability rectangles (PRs) in (), which is given by
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Sjoint = Stow X Sefy
= {su=(0,pr —e1) x (0,pg], sin = (0,pr — €1) X (pE, 1),
sel = [pr — €1,pr + €2] X (0,pE], Sen = [pr — €1,p1 + €2] X (pE, 1),
sn = (pr + €2,1) X (0, pg], spn = (pr +€2,1) X (pE, 1)},

where the two letters [ and h denotes low or high, respectively. See Figure 3.19a for a display of the

probability rectangles in S)joins.

Probability of Efficacy
\
Probability of Efficacy
S

Su s Snt > e e >

0 Pr—eipr+e 1 0 Pr—¢1 Pr

Probability of Toxicity Probability of Toxicity

(a) Probability rectangles (PRs) (b) Probability sub-rectangles (sub-PRs)

Figure 3.19: An example demonstrating the 2-dimensional probability rectangles and sub-
rectangles of toxicity and efficacy. (a): The horizontal axis is the probability intervals of toxicity
(0,pr — €1), [pr — €1,pr + €2, and (pr + €2, 1). The vertical axis is the probability intervals of
efficacy (0, pg] and (pg, 1). The Cartesian product of both probability intervals is shown as the 6
probability rectangles (PRs) separated by dashed lines. (b): The horizontal axis is the probability
sub-intervals of toxicity, where (0, pyr—e€1), [pr—€1, pr+e€2] and (pr+e€2, 1) are further divided into
smaller intervals with the same length of €; + €2. The vertical axis is the probability sub-intervals of
efficacy, where (0, pg] and (pg, 1) are further divided into multiple smaller intervals with the same
length of their maximum common divisor. The Cartesian product of all probability sub-intervals is

shown as the probability sub-rectangles (sub-PRs) separated by dashed lines.

Divide the six PRs into sub-PRs with similar area, see Figure 3.19b for an illustration, which

is realized by three steps.

1. For the toxicity interval set Sy, divide Sy, into sub-intervals given by the length of the
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equivalence interval (e; + €2). The division is done by keeping the equivalence interval

m! = [pr — €1, pr + €2] unchanged, and sub-divide the under-dosing interval (0, pr — €1)

t =
and over-dosing interval (p7 + €2, 1) into sub-intervals with the length [, = €; + €2, except
for the sub-intervals on the boundary. Denote the set of all the resulting sub-intervals as
Moy = {m},,, m&, m}, }, in which m},, and m!, are the sub-intervals generated by dividing
the under-dosing and over-dosing intervals, respectively.

2. For the efficacy interval set Sy, divide two intervals in Scyy into sub-intervals with the

length /.,

1 1 1-—
le = max {0.10, god (100 + p, 100  ( ) } ,

100

where ged(a, b) is the greatest common divisor of a and b. Denote the resulting set of sub-

intervals by Msr = {m§,,, m§, }, where
mle’s - {(Ova - tlle]a ) (pE - 2leypE - le]y (pE - leypE]} 5

mfel’s = {(pEupE + le)a (pE + leapE + 2l€)a e )(pE + t2l67 1)} .

Here, t; and ¢, are the maximum positive integers such that pg —t1l. > 0 and pg + a2l < 1,
respectively.

3. Take Cartesian product of the set of M;,, and Mcs to generate a set of two-dimensional
sub-PRs of equal area, except for those on the boundary of the toxicity axis next to 0 or 1.
These sets are denoted by M, as illustrated below, where k., u € {l,e,h}, v € {l,h}

denotes the number of sub-PRs in 1m,,,.

Mjoint = MtoxXMeff

= {mll‘/’mmz?m;l’s} X {mle’mmz’s}

& k
— {mll — {ml1l7 ...,mllll},mlh - {mllha "'7mli§,h}7
k k
Mep = {mél, ...,mefl},meh = {méh, cmop
& k
mpy = {mpy, oo Mt mpn = {mpy, .., myk 3}

PRINTE treats each sub-PR as a model and considers a model indicator a that takes one of
the sub-PRs. Denote m,, as a sub-PR in the set Mjo;ns, and define {a = my,} = {(pd,qq) €
My }. Embedding the model indicator a into a Bayesian hierarchic model, we compute the posterior
probability of each sub-PR given the observed toxicity and efficacy outcomes {4, y4}, given by

Pla = myy | ®4,yq,nq) = Pr((pa,qd) € Muw | Td, Y4, nq). From model selection perspective,
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finding the optimal decision is equivalent to selecting the optimal model (sub-PR) that maximizes
the marginal posterior model probability.
We further define dose-finding decisions as a* € {F, S, D} and maps a € {my;, myp, Mey, Mep,

mpi, mpp} to a* € {E, S, D} according to the following rule Z.

E, if a=my

E, if a=mg and ngy =0
a*=%(a) =18, if a=mg and ng >0

S, if a € {mp, men}

D, if a€{mp,mpn}

The rule Z states that the dosing decisions {F, S, D} correspond to the models that describe the
toxicity and efficacy probabilities of the dose. According to %Z(a), escalation (F) is recommended
if toxicity and efficacy are both deemed low; Stay () is selected if n41 > 0, toxicity is near the
MTD range and efficacy is low, while escalation (E) is recommended if ngy1 = 0, i.e., dose (d+1)
is untried; Stay (.5) is selected if either 1) toxicity is low but efficacy is high my;,, or 2) toxicity
is near the MTD range and efficacy is high; Lastly, de-escalation D is selected if toxicity is high

regardless of efficacy. The goal is to seek an optimal a that leads to an optimal decision a*.

3.3.3.2 Dose-finding Algorithm

The implementation of PRINTE is simple and transparent. The only required input values are pr,
pE, and the equivalence interval [pr — €1, pr + €2]. Once they are provided, optimal decisions a’Pt*
can be calculated for all possible toxicity and efficacy outcomes at a given dose. Suppose that the
current dose is d, d € {1, ..., D}. Record {4, yq4,nq} and calculate the marginal model posterior
probabilities Pr(a | x4,94,n4), and then the optimal decision a°?** can be determined. The next

cohort of patients is allocated to {maz(1,d — 1),d, min(d + 1, D)} according to a®’**.

Safety and futility rules

— Safety rule: if Pr(pg > pr | ©4,n4) > Peut for a peyt close to 1 (say, 0.95), exclude doses

d,d+1,---, D, from future use in the trial; treat the next cohort of patients at dose (d — 1).

— Futility rule: if Pr(¢q < ¢z | Yd,md) > Geut for a geys close to 1 (say, 0.7), where ¢ is the
minimum acceptable probability of efficacy, then exclude dose d from future use in the trial.

Here, g is the reference efficacy rate, e.g., the efficacy rate of standard care.
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Note that, here we assume the prior for each p, follows an independent beta(aq, b1), and the
prior for each g4 follows an independent beta(ag, ba), where beta(c, ) denotes a beta distribution
with mean «/(a + ). The posterior distributions for py and ¢, in the above rules are beta(a; +

x4, b1 + ng — xq) and beta(as + yq, b2 + ng — yq), respectively.

Stopping rules
The trial is stopped if

1. the prespecified maximum total sample size n is reached; or

2. the lowest dose shows excessive toxicity according to the safety rule; In this case, the trial is
early stopped and the MTD cannot be determined; or

3. optional:

- the PRINTE decision is “S”, to stay at the current dose, and the current dose has en-
rolled K patients;

- the PRINTE decision is “E”, to escalate to the next higher dose, and that next higher
dose has enrolled K patients;

- the PRINTE decision is “D”, to de-escalate to the previous lower dose, and that previous

lower dose has enrolled K patients.

3.3.3.3 Dose Selection

At the end of the trial, PRINTE chooses the OBD using a joint utility score U(p, q) = fi1(p)f2(q)
(suppressing dose d in the notation), which takes the product of toxicity utility f1(p) in (3.6) and
efficacy utility f2(q) in (3.7).

1, p € (0,p1),
flp) = 1= 2= p e (p],p3), (3.6)
0, p € (p3,1),
0, q € (0,47),
fola) = #5% g € (i, a3), S
1, q € (g5,1)-

For toxicity, define two thresholds p] and p3 such that the toxicity utility score is 1 when

p < pi, 0 when p > p3, and linearly decreases when p is between (p7, p3). For efficacy, define
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two thresholds ¢} and ¢5 such that the efficacy utility score is 0 when g < g7, is 1 when ¢ > ¢3,
and linearly increases when ¢ is between (g7, g5 ). The OBD is selected according to the following

process.

1. We generate a total of T random samples, {pg),t =1,.-- ,T} and {qf(lt),t =1,--- ,T},

from the posterior distributions beta(ag + x4, bo + ng — x4) and beta(ag + yq, bo + ng — Ya)

for each dose d, respectively. Here, East Bayes sets ag = bg = 0.005 and 7" = 1000.

2. For toxicity probabilities of all doses in each sample ¢, p® = (pgt)’ T p%)), we perform
isotonic transformation using the pool adjacent violators algorithm (PAVA; Mair et al. 2009)
on p) to obtain p®) = (13(115), - ,}5{;)), where ﬁft) < ;Bét) ifi < j.

3. We propose a probabilistic inference for selecting the OBD and avoid selecting doses with low
utility. Define an admissible probability region (APR) A(p,q) = {(p,q) | p € (0,pr],q €
[¢,1)}. Then the OBD is selected only from the candidate dose set A,

./4: {d‘pln7d2pgrad,nd>07d:1’ ,D}’

where pin ¢ = Pr{(pd4,q4) € APR | Data} is the posterior probability that dose d belongs to
APR and pgr,q is a small value (say, 0.1). We use a simple a simple numerical approximation

approach to compute pj, 4 given by

T
Pind = %Z 1 {(i)ff), ¢ e APR} .

4. The final selected dose d* is the one that maximizes the utility score U(pg,qq). That is,
d* = argmaxye 4 E[U(pa, qq) | Data), where

T

A 1
E[U(pa,qaq) | Data] = 7 ZU(ﬁfjt)7q((it)).
t=1
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3.3.4 The EfficacyToxicity (EffTox) Trade-Offs-Based Design

EffTox, proposed in Thall and Cook (2004), is an outcome-adaptive, model-based Bayesian pro-
cedure that chooses doses of an experimental agent for successive patient cohorts in a clinical trial
based on both efficacy (E) and toxicity (T) outcomes. EffTox models the dose-efficacy and dose-
toxicity relationship respectively using two different dose-response curves. Based on accumulating
efficacy and toxicity data over the trial, EffTox continuously updates the parameters of the dose-
response models. The desirability of each dose z is evaluated by using a family of contours char-
acterizing the trade-off between E and T, and patients are assigned to the most desirable dose in

cohorts.

3.3.4.1 Dose-Outcome Models

Assume D dose sy, - -, Sp to be considered in the trial, and code dose as
D
xq = log(sq) — D! Zlog(sk) (3.8)
k=1

for use in the regression models. If 0 = s; < s9, first add sy to each sy before taking logs. Let
7(x,0) = {rp(z,0),rr(x,0)} be the probabilities of efficacy and tocixity, where = denotes dose
and 0 is the model parameter vector.

Given the current interim trial data D, define x to be an acceptable dose if
Pr{ng(z,0) > qr | D} > 1 — qewt (3.9)

and

Pr{ﬂ-T(l‘79) <pr | D} >1 — Pcut; (310)

where gg and pr are fixed lower and upper limits specified by the physician, and gt and p.,,; are
fixed probability cutoffs.

For toxicity, assume logit(7r(x,0)) = pur + xfr, in which we set S > 0 to meet the
monotonic dose-toxicity assumption. For efficacy, to allow a wide variety of possible doseresponse
relationships, assume logit(mg(z, 0)) = pp+xBE1 +2?Bp 2. For simplicity, temporarily suppress

(x, ). The joint outcome model is given by

Tap = () (1 — 7p) " (7r)° (1 — 7)™ + (=) PPrp(l — 7p)mr(l — WT)(ZZ:—b (3.11)

for a,b € {0,1} and real-valued ¢. Thus, 8 = (ur, B7, b, BE 1, BE2,%). Since Br should be

greater than 0, we assume that 3 is lognormally distributed, with mean fig,. and standard deviation
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o3,. Except for S, we assume that each component 0; of 8 is normally distributed with mean fi;

and standard deviation 7, denoted as ; ~ N(fy, 7).

11
The likelihood for a single patient treated at dose x is L(Y,x | 0) = [] [[ {map(x,0)} 1Y =00},
06=0

a=
Denoting the data for the first n patients in the trial by D,,, for 1 < n < N, the likelihood is
n

Ly(Dy | 0) = ] L(Yi, 2 | 8), where Y; and x(;) denote the ith patients outcome and dose.
i=1

3.3.4.2 EfficacyToxicity Trade-Off Contours

To determine the desirability of each dose, the EffTox design constructs a efficacy-toxicity desir-
ability contour, C, in the two-dimensional domain IT = [0, 1]? by fitting a curve to target values of 7
elicited from the physician. The contour C is then used to construct a family of desirability contours
such that all 7w on the same contour are equally desirable. Because the family of contours parti-
tions II, this construction provides a basis for comparing doses in terms of their posterior means,
E{x(x,0) | D}.

To construct C, we first elicit three target values, {7}, w3, 73 }, which the physician considers
equally desirable. First, elicit a desirable trade-off target, 7j = (7] g, 7] 7) = (7] g,0), in the
case where toxicity has probability 0. That is, elicit the smallest efficacy probability, 77 , that the
physician would consider desirable if toxicity were impossible. Next, elicit 75 having the same
desirability as 7] by asking the physician what the maximum value of 77 may be if 7 = 1.
Given these two equally desirable extremes, elicit a third pair, 73, that is equally desirable but is
intermediate between 7] and 7.

The desirability function of (7, 71) = 7 € [0,1]? is defined to be

§(mg,mr) =1—|[(zmg,7r) — (1,0)|p
:1_{<71E—1)p+<7?—0>p}1/p (3.12)
e~ 1 Ty =0
where p > 0. Solve § (7T*E’3, 7r}73) = ( for p using the bisection method, wherein intervals known
to bracket the solution are successively refined (Peter et al., 2014). This gives d(w) = 0 on C
with 6(7) increasing as 7 moves along any straight line from a point in [0, 1]? to the ideal pair
(mg,mr) = (1,0). After solving for p, the desirability measure can be computed for any point
(mg, mr) using formula (3.12).
The following definition exploits this structure to induce an ordering on the set of doses.

DEFINITION: Given D and x, the desirability, (x, D), of x is the desirability of the posterior
mean E{m(x,0) | D}.
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0.8 4

Texicity Probility (p)

0 02 04 06 08 1
Efficacy Probility (q)
Figure 3.20: Example of efficacy-toxicity desirability contours. The contour C is the line with

desirability equals to 0 (U = 0.0).

To apply this during the trial, after the most recent cohorts data have been incorporated into D,
foreach z, (mg, mr) = E{m(x,0) | D} is first computed, and then the desirability of x is computed
by formula (3.12). Among the doses with acceptable efficacy and toxicity, the dose that maximizes
d(z, D) is selected.

3.3.4.3 The Trade-Off-Based Algorithm

Initially, the physician must provide a set of doses, a starting dose for the first cohort, N, c,
and the limits ¢ and pr used in the acceptability criteria (3.9) and (3.10). The trade-off targets
{m}, 5, 75} then must be elicited in order to construct C and the family of trade-off contours. The
probability cut-offs ge,: and pey,e in (3.9) and (3.10) are determined, using preliminary computer
simulation results, to obtain a design with desirable operating characteristics. Given this structure,

the dose-finding algorithm proceeds as follows:

1. Treat the first cohort at the starting dose specified by the physician.

2. For each cohort after the first, x € A(D) if z satisfies both (3.9) and (3.10), or if z is the
lowest untried dose above the starting dose and it satisfies (3.10).

3. If A(D) # ¢, then the next cohort is treated at the most desirable = € A(D), subject to the
constraint that no untried dose may be skipped when escalating.

4. If A(D) = ¢, then the trial is terminated and no dose is selected.

5. If the trial is not stopped early and A(Dy) # ¢ at the end of the trial, then the dose = €
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A(Dy) maximizing §(z, Dy) is selected.

172



Cytel

3.3. Statistical Methods Review
3.3.5. The Utility-Based Bayesian Optimal Interval (U-BOIN) Design

3.3.5 The Utility-Based Bayesian Optimal Interval (U-BOIN) Design

U-BOIN (Zhou et al., 2019b) is a model-based design that jointly models toxicity and efficacy using
a multinomial-Dirichlet model and employ a utility function to measure dose risk-benefit trade-off.
The design consists of two seamless stages. In stage I, the Bayesian optimal interval (BOIN) design
(Liu and Yuan, 2015b) is used to quickly explore the dose space and collect preliminary toxicity and
efficacy data. In stage II, the posterior estimate of the utility for each dose is continuously updated
using accumulating efficacy and toxicity data, and the posterior estimate is used to direct patient

allocation and OBD selection.

3.3.5.1 Efficacy-Toxicity Model

Consider a phase I/II trial with J doses under investigation. Let Y denote the binary efficacy
endpoint, where Yr = 1 denotes response, and 0 otherwise; let Y7 denote the binary toxicity
endpoint, where Y7 = 1 denotes DLT, and 0 otherwise. The bivariate discrete outcome (Yz, Y7)
can be equivalently represented by a single variable Y with 2 x 2 = 4 levels, with Y = 1, if
(Yg,Yr) = (0,1); Y = 2,if (Yg,Yr) = (0,0); Y = 3,if (Yg,Yr) = (1,1); and Y = 4, if
(Yg,Yr) = (1,0). Here Y = 1 is the least favorable clinical outcome (DLT, no efficacy), and
Y = 4 denotes the most favorable clinical outcome (No DLT, efficacy).

Define mjp = Pr(Y =k |d=j),k=1,---,4andj = 1,--- ,J, with 0_, mjx = 1,

where d denotes the dose level. Assume that Y follows a Dirichlet-multinomial model as follows:

Y =k | d=j ~ Multinomial(7j, ..., 7j4) (3.13)
(7Tj1, ceey 7Tj4) ~ Dirichlet(al, ey a4) (3.14)
where a1, -+ ,aq4 > 0 are hyperparameters. East Bayes sets a; = i, k=1,--- 4, as the default

values, such that the prior is vague and equivalent to an effective sample size of 1.
Assume that n; patients have been treated at dose d = j, among whom n;, patients had out-
come Y = k, where n; = Zizl n;j. Denote D; = (nj1,- -+ ,nj4), and the posterior distribution

Ofﬂ'j = (7'(']'1,'-- ,7Tj4) is

T ’ Dj ~ Dirichlet(a1 + 141,000 a4 + nj4). (3.15)

3.3.52 Utility

Let 9%, denote the utility value ascribed to outcome Y = k, k = 1,-- - | 4, which can be elicited from

physicians to reflect the risk-benefit trade-off underlying their medical decisions using the following
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procedures.

e Fix the value of the utility for the least desirable outcome ¥ = 1 as 17 = 0, and for the most

desirable outcome Y = 4 as ¢4 = 1.

e Ask the clinician to use these two utilities as a reference to score the utility values 12, 13
for the other 2 possible outcomes Y = 2, 3 to quantify the risk-benefit trade-off under each

outcome.

Table 3.5 shows two examples of the utility function.

Table 3.5: Examples of utility.

(a) Example 1 (b) Example 2

Yr=1 Yr=0 Yr=1 Yr=0
Ye=0 11=0 =03 Ye=0 41 =0 =03
Ye=1 t35=05 =1 Ye=1 t3=065 =1

Example 1 has utility values {¢)1 = 0,12 = 0.3,13 = 0.5,14 = 1} for the outcomes {(Yg =
0,Yr=1),Yg =0,Yr =0),Ye =1,Yr =1),(Yg = 1,Yr = 0)}, respectively. Compared
to example 1, example 2 rewards the response (i.e., Yg = 1) more, in the presence of DLT (i.e.,
Yr = 1), by assigning a larger value to 3 (0.65 versus 0.50). This is appropriate for a trial
where toxicity can be well managed and efficacy response is highly desirable (e.g., leading to long
survival).

Given the values of 1), the true mean utility for dose j is given by

4
Uj =) tmjp. (3.16)
k=1

Since the true mean utility U; depends on 7, which is unknown, it is estimated based on the

observed data. Given the interim data D = {D; }, the estimate of mean utility is given by
4
Uj=> txE(m | D). (3.17)
k=1

3.3.5.3 Optimal Biological Dose

Let pr denote the maximum tolerable DLT rate, and g the lowest acceptable response rate. Let

T = Tj1 + Tj3 = PT’(YT =1 | d :j) andﬂE,j = T3+ Tj4 = P’I“(YE =1 | d:j) Define
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that dose j is inadmissible, if it meets either one or both of the following two criteria:
Pr(rr; > pr | D) > peut (3.18)

Pr<7TE7j < qEg ‘ D) > Qeut (3.19)

where pe, and g, are probability cutoffs. According to (3.13) and (3.14), 7 ; and 7g ; follow

posterior beta distributions, given by
T, 5 | D~ Beta(a1 + a3 +nj1 +nj3, a2 + aqg + njo + nj4),

TE,j | D~ Beta(ag + a4 +nj3 + njg,a1 + a2 +nj1 + an).

The admissible dose is then defined as the dose for which none of the criteria (3.18) and (3.19)
is satisfied. Define the OBD as the dose that is admissible and has the highest utility value, i.e.,
OBD = argmax(Uj) (3.20)
jeA

where A denotes the set of admissible doses.

3.3.5.4 Dose-finding Algorithm

The U-BOIN design consists of two seamless stages (Figure 3.21). The objective of stage I is to
quickly explore the dose space to identify a set of admissible doses that are reasonably efficacious
and safe for stage II. In stage I, dose escalation is conducted based on only the toxicity outcome.
However, efficacy data are also collected and will be used for decision making in stage II. Stage
I dose escalation/de-escalation is guided by the BOIN design (Liu and Yuan, 2015b). Due to very
limited data and large uncertainty, for patient safety, set the target DLT rate ¢ = pr —0.05, slightly
lower than the maximum tolerable DLT rate pr, to ensure that stage I dose exploration concentrates
around up to, but not exceeding pr. Let 77 ; denote the empirical (or maximum likelihood) estimate
of mr j, given by 77 ; = %] where m; is the number of patients who experienced DLT at the dose
level j; and let A\, and )4 denote the predetermined optimal escalation boundary and de-escalation
boundary. Table 3.6 provides the values of A\, and )y for the commonly used target DLT rate ¢.
See the work of Liu and Yuan (2015b) for the derivation and formula to calculate A\, and \;. The

dose-finding algorithm in stage I proceeds as follows.

Ia. Patients in the first cohort are treated at dose level 1 or a prespecified starting dose.
Ib. Suppose j is the current dose; use the following rules to assign a dose to the next cohort of

patients:
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— Escalate the dose to j + 1 if 77 ; < A.
— De-escalate the dose to j — Lif 77 ; > Ag.
— Otherwise, stay at the current dose j.

Ic. Repeat step Ib until the number of patients treated on one of the doses reaches s1, and then

move to stage II.

In stage I, following the BOIN design, if Pr(77; > pr | mj,n;) > 0.95 and n; > 3, dose
level 7 and higher are eliminated from the trial; the trial is terminated if the lowest dose level is
eliminated, where Pr(77 ; > pr | mj,n;) > 0.95 is evaluated based on a beta-binomial model with

the uniform prior.

Stage II proceeds as follows.

ITa. Let j* denote the highest dose level that has been tried. If 77 ;+ < A, and j* is not the highest
dose in the trial, escalate the dose to (j*+1) for treating the next cohort of patients; otherwise,
proceed to step 1Ib.

IIb. Given the observed interim data D collected in both stages I and II, determine the admissible
dose set A from dose 1, -- -, j*, where none of the criteria (3.18) and (3.19) is satisfied for
each dose in A. If no dose is admissible, terminate the trial and no dose should be selected as
the OBD. Otherwise, assign the next cohort of patients to a dose in .A. In East Bayes, there

are two methods to assign the next cohort,
— Pick The Winner, assigning to dose j € A that has the largest posterior mean utility.
— Adaptive Randomization, adaptively randomizing the next cohort of patients to dose
J € A, with probability w; proportional to its posterior mean utility, i.e.,
Uj
Z jEA Uj .

Wwj; =

Ilc. Repeat steps I1a and IIb until reaching the prespecified maximum sample size N or the number
of patients treated at one of the doses in stage II reach so (Zhou et al. (2019b) recommends

that so > s1), and then select the OBD following the rules in §3.3.5.3.
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Table 3.6: Dose escalation and de-escalation boundaries of the Bayesian optimal interval design

Target DLT rate (¢)
Boundaries 015 020 025 030 035 0.40
A, (escalation) 0.118 0.157 0.197 0.236 0.276 0.316
Ag (de-escalation) 0.179 0.238 0.298 0.358 0.419 0.480

Start at the
pre-specified
starting dose

Compute the empirical DLT |«
rate (ff; r) at the current dose j

No

Stage Il

v

Treat the next cohort of patients at the }

admissible dose with the largest
estimated utility

<2
‘v within(heAg) ¢ vo e
Stage | Escalate the Stay at the De-escalate the
dosetoj+1 current dose j dosetoj—1
v
[ Treat the next cohort of patients ]
- v
Does the number of patients on °
any dose reach s,?
Yes
v
Based on data in both Stages | and Il, S_to&the
estimate dose utility, and t"z no
determine admissible set (4). Is A empty? ose
No selected
v
Is the empirical DLT rate at the Yes mEs;aIate;
highest tried dose (j°) < 4,7 e}._ Ti" 0

v
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the total sample size reach N?

Select OBD

Figure 3.21: Diagram of the utility-based Bayesian optimal interval (U-BOIN) design.
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4.1 Introduction

Combination therapy refers to the use of more than one drug in patient care and is an important
therapeutics in many disease settings, including cancer, cardiovascular disease, and infectious dis-
ease. In 2013, FDA issued the guidance “Codevelopment of Two or More New Investigational
Drugs for Use in Combination” (FDA, 2013), which stated that: “the use of combinations of drugs
directed at multiple therapeutic targets can improve treatment response, minimize development of
resistance or adverse events”. There is growing interest in the development of new investigational
drug combinations.

One of the challenges in combination therapy development is to find the optimal dose of each
drug when using in combination. Due to the unknown potential interactions between drugs (synergy,
antagonism or no interaction), the optimal dose combination might differ from the combination of
the optimal dose of each drug when used alone. In this module, we mainly pay attention to the
phase I dose-finding trials in oncology, especially dose-finding trials for two agents, with the goal to
capture the dose-toxicity relationship for drug combinations and to identify one or more maximum
tolerated dose combination (MTDC) or a MTD contour. Only the toxicity outcome, such as dose
limiting toxicity (DLT) is considered in this module. A scientific way of characterizing the drug
combination-toxicity profile is to test all possible combinations of candidate dose levels of two
drugs. However such an approach might be impractical because the number of combinations could
be too large for an early-phase trial. For example, if two drugs are to be investigated, each with 3
dose levels, there will be a total of 3 x 3 = 9 possible combinations. If more than two drugs are
involved, this number grows exponentially to dozens or hundreds. In practice, trialists often escalate

the dose level of one drug by holding the dose of another drug at a fixed level. For example, in a
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phase I trial of a newly targeted monoclonal antibody (mAb) combined with a PD-1 inhibitor, say
pembrolizumab, the dose of PD-1 is often fixed at the approved level (say, 3 mg/kg) and the the dose
levels of mAbD are varied. If so, some single-agent dose-finding designs, such as mTPI-2 (Guo et al.,
2017b) and i3+3 (Liu et al., 2020), could be adopted. However, such an approach may miss the
global optimal dose combination since one drug is always at a fixed dose. For example, the optimal
dose level of PD-1 when administrated in combination with the mAb might be 1 mg/kg, rather than
3 mg/kg. To this end, “single-agent” dose-finding designs might not be the most scientific way to
identify the dual-agents optimal dose.

How to efficiently explore the drug combination-toxicity profile is a statistical problem that
requires effective modeling and decision making. In recent years, a large number of designs have
been proposed to find one or more maximum tolerated dose combination (MTDC) of two agents,
for example, Lyu et al. (2019); Tighiouart et al. (2017); Wages et al. (2017); Lin and Yin (2016);
Wages (2017); Mander and Sweeting (2015); Neuenschwander et al. (2015); Cai et al. (2014a);
Riviere et al. (2014); Tighiouart et al. (2014); Wages and Conaway (2014); Shi and Yin (2013);
Braun and Wang (2010); Yin and Yuan (2009); Conaway et al. (2004) etc. The MTDC is defined as
the highest dose combination at which the probability that a patient experiences the DLT is closest
to or less than a pre-specified target rate pr, which is usually determined by physicians or clinical
teams, say pr = 30%. Some of these designs have been applied to real-world trials. For example, a
combination dose-finding trial (NCT02366819) uses the CI3+3 design based on the research of our
team.

Here, we describe a module in East Bayes, Dual-Agents Cohort-Based Designs, which in-
cludes the Bayesian logistic regression model (BLRM) for two agents (BLRM-2d) (Neuenschwan-
der et al., 2015), the product of independent beta probabilities dose escalation (PIPE) design (Man-
der and Sweeting, 2015), and a novel design called Combo i3+3 (CI3+3).

Hereinafter, we use “drug” and “agent”, “dose” and “dose combination”, interchangeably.
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4.2 User Interface and Tutorial

4.2.1 Overview

Entering the Dual-Agents Cohort-Based Designs page, users will see two main tabs: Simulation
Setup and Simulation Results. These two tabs allow users to conduct simulations and visual-
ize/download simulation results. The Simulation Setup tab requires three steps to set up simula-
tions using one or more designs (Figure 4.1): Step 1: Set trial parameters; Step 2: Select designs;
and Step 3: Generate scenarios. Upon completing steps 1-3, users click the “Launch Simulation”
button at the bottom of the page. User may also click the “Reset” button to clear all settings. After
the simulation is launched, the results of simulations will be displayed in the Simulation Results
tab. The simulation process can be monitored in real time at the top of the Simulation Results tab.

Detailed steps of using this module are elaborated in §4.2.2-§4.2.3.

Dual-Agent Dose-Finding Designs with Toxicity Endpoint and Cohort Enrollment ® User Manual
Simulation Setup Simulation Results
(< ) A
Step 1: Set trial parameters @
Pr Nsim Raeeq
0.3 10 32432
Apply
= J/
rStep 2: Select designs h
CI3+3 | BLRM-2d | PIPE
. J/
(Step 3: Generate scenarios @ h
Step 3.1: Input of Dosages
Apply
& J

Figure 4.1: Simulation Setup in the Dual-Agents Cohort-Based Designs module.
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4.2.2 Simulation Setup

In the module of Dual-Agents Cohort-Based Designs, East Bayes provides three designs, BLRM-
2d, PIPE, and CI3+3, for simulation. Users can choose up to four design configurations for simul-
taneous comparison in the Simulation Setup tab each time. A design configuration means a design
such as CI3+3, along with the designs settings, such as sample size. Request to allow more than

four design configurations by emailing support@cytel.com.

4.2.2.1 Step 1: Set trial parameters

Specify the target toxicity probability (pr), number of simulations (n4;,,,) and random seed of sim-
ulation (Rgeeq) for the simulation trials. See Figure 4.2. Hover mouse over the question mark
icon, and a description will be displayed explaining the meaning of the parameter. The detailed

description of the above three input parameters is in Table 4.1.

Step 1: Set trial parameters @

Pt Nsim Rseed

0.3 10 324

Apply

Figure 4.2: Set trial parameters in the Dual-Agents Cohort-Based Designs module.

4.2.2.2 Step 2: Select designs

To select a design, click the button with the design’s name on it. Up to four design configurations
may be selected for comparison.

Click the “Delete” button to remove the selected designs.

Design’s parameters can be modified in the input box of corresponding row. Hover mouse over
the question mark icon, and a description will be displayed explaining the meaning of the parameter.

See detailed parameter descriptions in Table 4.2.
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Table 4.1: Input parameters for trails parameters in the Dual-Agents Cohort-Based Designs mod-

ule.
Notation Parameters Description
pT Target toxicity | The target toxicity probability of the maximum tolerated
probability dose (MTD). The main objective of phase I clinical trials
is to find the highest dose with a toxicity probability closest
to or lower than pp. Default value is 0.3.
Nsim The number of sim- | The maximum number of simulated trials allowed is
ulated trials 10,000. Default value is 1,000.
Rgeed The random seed of | A random seed is a number used to initialize a pseudoran-
simulation dom number generator in the simulation. Default value is
32432,

Step 2: Select designs

CI3+3 | BLRM-2d | PIPE

Ci3+3 @

dstart, 1 dstart, 2 n Neohort € &

1 2 1 2 30 3 0.05 0.05

Apply Delete

Apply Delete

Figure 4.3: Add designs in the Dual-Agents Cohort-Based Designs module.
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Table 4.2: Input parameters for designs in the Dual-Agents Cohort-Based Designs module.

Notation Parameters Description

n Sample size The maximum number of patients to be treated in the trial.

(all designs) The upper limit is set at 100 since the number of patients
that are enrolled in phase I clinical trial is typically small.
Default value is 30.

Neohort Cohort size s in each cohortThe number of patient. Default value is 3.

(all designs)

€1,€9 €1,€9 Two small fractions used to define the equivalence/target

(BLRM, interval of the MTDC. Any doses with a toxicity probabil-

CI3+3) ity falling into the interval [pr — €1, pr + €2] will be con-
sidered an acceptable dose level as MTDC. Default values
for both are 0.05.

PEWOC Cutoff probability | The threshold of controlling the probability of excessive or

(BLRM) of escalation with | unacceptable toxicity. Default value is 0.25

overdose control

dstart1 Starting dose level | The starting dose level for agent 1 in the simulation trials.

(all designs) | for agent 1 Default value is 1.

dstart,2 Starting dose level | The starting dose level for agent 2 in the simulation trials.

(all designs) | for agent 2 Default value is 1.
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4.2.2.3 Step 3: Generate scenarios

4.2.2.3.1 Step 3.1: Input of Dosages

Select the number of doses for two agents ngose,1 and ngose2 (2 < Ngose,1, Ndose,2 < 9) from
the dropdown boxes, and their dose levels, djeye,1 and djeyer,2. Hover mouse over the question
mark icon, and a description will be displayed explaining the meaning of the parameters (Fig-
ure 4.4). The default dosages of dose levels of agents 1 and 2 are {1.00,2.00, - - - , ngose.1} and
{1.00,2.00, - - - , ngose,2}, respectively. Once applied, the dosages will be standardized against the
dosage of the first dose level. Request to allow more than five dose levels for any agent via email

support@cytel.com.

Step 3: Generate scenarios @

Step 3.1: Input of Dosages
Ndose,1

A o 1.00 2.00 3.00

= 1.00 2.00 3.00

“»

Edit

Figure 4.4: Specify input parameters in the Generate Scenarios step of the Dual-Agents Cohort-

Based Designs module.

4.2.2.3.2 Step 3.2: Input of Scenarios
East Bayes provides four ways to generate scenarios. They are described in detail in §4.3.1. Below
we provide a quick guidance.
1) automatic construction (Default Scenarios tab, see Figure 4.5),
2) logistic regression (Logistic Regression tab, see Figure 4.6),
3) specifying marginal toxicity probabilities of each agent and the interaction between two
agents (Mariginals & Interaction tab, see Figure 4.7),

4) manual construction (Manual Construction tab, see Figure 4.8).

1) Default Scenarios (Figure 4.5)

Upon selection of 14ose,1 and ngose,2 and specification of djeyper,1 and dieqer 2, click the “Gen-
erate” button to automatically create two default scenarios with diverse dose-toxicity patterns. One
is a “Safe” scenario, in which all doses are safe with toxicity probabilities equal to or smaller than

the target pr. The true MTDC locates at the lower right corner of the dose matrix. The other is an
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“Ideal” scenario, in which some dose combination are tolerable but some are overly toxic and the
true MTDC locates in the middle of the dose matrix. The detailed algorithm for Default Scenarios

generation is provided in §4.3.1.1.

2) Logistic Regression (Figure 4.6)

Specify the four coefficients of the logistic regression, Sy, 51, B2 and (3, that represent the
toxicity probability at the minimum candidate doses of agents 1 and 2 in the logit scale (), the
toxicity effect of agent 1 (1), the toxicity effect of agent 2 (S2), and the toxicity effect of the
interaction between the two agents (/33), respectively. Click the “Generate” button to generate the
toxicity probabilities for all dose combinations. The detailed algorithm of generating scenarios

through Logistic Regression is provided in §4.3.1.2.

3) Marginals & Interaction (Figure 4.7)

Specify the marginal true toxicity probabilities of agents 1 and 2 respectively and the interac-
tion effect between the two agents, and click the “Generate” button to generate the toxicity probabil-
ities of all pre-defined dose combinations. The detailed algorithm of generating scenarios through

Marginals & Interaction is provided in §4.3.1.3.

4) Manual Construction (Figure 4.8)
After clicking the Manual Construction tab, an empty dose matrix of two agents (n4ose,2 X
Ndose,1) Will appear. Users can manually type in the true toxicity probability for each combination.

Then click the “Generate” button to generate the scenario.

The generated scenarios will be displayed as a scenario list (Figures 4.5-4.8). Click the “Delete”

button to delete the selected scenario.
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Step 3.2: Input of Scenarios

Default Scenarios Logistic Regression Marginals & Interaction Manual Construction

Generate

Scenario 1
g 1.00 2.00 3.00
e 1.00 2.00 3.00
Agent1

Agent2 Dosel Dose2 Dose3
Dosel 0.06 0.11 0.18
Dose2 0.11 0.16 0.23
Dose3 0.18 0.23 0.30

Delete

Scenario 2
e 1.00 2.00 3.00
o 1.00 2.00 3.00
Agent1

Agent2 Dosel Dose2 Dose3
Dosel 0.13 0.24 0.39
Dose2 0.24 0.37 0.52
Dose3 0.39 0.52 0.65

Delete

Figure 4.5: Automatically generate scenarios (Default Scenarios) in the Dual-Agents Cohort-

Based Designs module.
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Bo

Generate

Scenario 1

dosage;

dosage,

Agent 2

Dosel

Dose2

Dose3

Delete

Step 3.2: Input of Scenarios

Default Scenarios Logistic Regression Marginals & Interaction

1.00

1.00

Agent1

Dosel

0.06

0.11

0.18

B2

2.00

2.00

Dose2

0.11

0.16

0.23

Manual Construction

B3
-0.5

3.00

3.00

Dose3

0.18

0.23

0.30

Figure 4.6: Generate scenarios through Logistic Regression in the Dual-Agents Cohort-Based

Designs module.
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Step 3.2: Input of Scenarios
Default Scenarios Logistic Regression Marginals & Interaction Manual Construction
Specify the marginal toxicity probabilities of two agents and the interaction between them.
True toxic prob. of agent 1 0.15 0.37 0.4
True toxic prob. of agent 2 029 0.62 0.63
Interaction
03
Generate
Scenario 1
e 1.00 2.00 3.00
= 1.00 2.00 3.00
Agent1
Agent2 Dosel Dose2 Dose3
Dosel 0.06 0.11 018
Dose2 0.11 0.16 023
Dose3 0.18 0.23 030
Delete

Figure 4.7: Generate scenarios through Marginals & interactions in the Dual-Agents Cohort-

Based Designs module.
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Step 3.2: Input of Scenarios
Default Scenarios Logistic Regression Marginals & Interaction Manual Construction
Agent1
Agent2 Dosel Dose2 Dose3
Dosel 01 02 03
Dose2 03 04 05
Dose3 0.4 05 06
Generate
Scenario 1
e 1.00 2.00 3.00
dosage, 1.00 2.00 3.00
Agent1
Agent2 Dosel Dose2 Dose3
Dosel 0.10 0.20 030
Dose2 030 0.40 0.50
Dose3 0.40 0.50 0.60
Delete

Figure 4.8: Manually generate scenario (Manual Construction) in the Dual-Agents Cohort-

Based Designs module.
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4.2.2.4 Launch simulation

Once the steps 1-3 are completed, users can conduct simulated clinical trials to examine the oper-
ating characteristics of the selected designs using the selected scenarios, by clicking the “Launch
Simulation” button at the bottom of Simulation Setup tab (Figures 4.5-4.8). A “Success” message
will then be displayed on the screen (Figure 4.9) to indicate that the simulation has been successfully
launched. Users may click the “OK” button in the pop-up box to track the simulation processing

status and simulation results.

Success

Launch Successful, Proceed To Simulation Results

Figure 4.9: “Success” message after launching simulation in the Dual-Agents Cohort-Based De-

signs module.
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4.2.3 Simulation Results

In the Simulation Results tab, users can view the simulation progress and simulation results (§4.2.3.1),
restore the simulation settings if needed (§4.2.3.2), and download East Bayes’s proprietary report
consisting of simulation results in Word format (§4.2.3.3). Hereinafter, we use the terms “simulation

results” and “operating characteristics” interchangeably.

4.2.3.1 View simulation results

In the Simulation Results tab, the Running Simulations panel exhibits the progress of ongoing
simulation (Figure 4.10). The ongoing simulations are displayed in ascending order by the launch

time. Click the icon “Xx” to delete the corresponding simulation.

Dual-Agent Dose-Finding Designs with Toxicity Endpoint and Cohort Enrollment ® User Manual

Simulation Setup Simulation Results
I~ Running Simulations
Designs # Scenarios Launch Time Progress
CI3+3, BLRM-2d, PIPE, CI3+3 3 2021-06-21 04:27:23 68% ¢ x

CI3+3, BLRM-2d, PIPE 3 2021-06-21 04:28:17 53% & x

Figure 4.10: Simulation progress in the Dual-Agents Cohort-Based Designs module.

Once the simulations are completed, the Running Simulations panel in Figure 4.10 will dis-
appear, green “simulation result created” massages will appear instead and stay at the same place of
the Running Simulations panel unless explicitly dismissed by clicking the icon “x” at the end of
the corresponding row, and the simulation results will be automatically loaded into the Simulation
History panel (Figure 4.11), with the blue mail icon to indicate new results. All the previously
completed simulations are also listed in the Simulation History panel. Simulation results for other
modules can also be viewed under the Simulation History by dropping down the “Select a module”

button (Figure 4.11). Click the (&) button to delete the selected simulation results.
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Dual-Agent Dose-Finding Designs with Toxicity Endpoint and Cohort Enrollment ® User Manual
Simulation Setup Simulation Results
1 simulation result created -- 2021-06-21 04:27:23 -- CI3+3, BLRM-2d, PIPE, CI3+3 -- 3 X
1 simulation result created -- 2021-06-21 04:28:17 -- CI3+3, BLRM-2d, PIPE -- 3 X

Simulation History
Select a Design Category: Dual-Agts Dose-Finding - Tox Endpoint & Cohort Enrollment $

C: Single-Agent Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, R: Single-Agent Dose-Finding Design with Toxicity Endpoint and Rolling Enrollment, T: Single-
Agent Dose-Finding Design with Efficacy & Toxicity Endpoints and Cohort Enrollment, D: Dual-Agents Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, B: Basket-
Trial Design, S: Subgroup Enrichment and Analysis

® Clickthe button to display simulation results.
e Clickthe %) button to import simulation settings into the Simulation Setup tab.
e Clickthe T button to delete simulation results.

e Clickthe &, button to download a report of simulation results in word or zip file that includes a protocol template with a statistical section incorporating simulation results.

Type Launch Time Duration Designs Labels # Scenarios Actions Version
CI3+3, BLRM-2d, . EB

D 2021-06-21 04:28:17 00:04:43 = 4 3 D o &
PIPE 1.1.0
CI3+3, BLRM-2d EB

D 2021-06-21 04:27:23 00:04:45 = ’ : 174 3 + o X
PIPE, CI3+3 @ 8% @ & 1.1.0

Figure 4.11: Simulation Results in the Dual-Agents Cohort-Based Designs module.

Click the button to unfold the simulation results (Figure 4.12). The design settings are
firstly displayed at the top of each simulation study (Figure 4.12). Then the results of simulation are

shown as plots and tables below.

Type Launch Time Duration Designs Labels 4 Scenarios Actions Version
2021-06-25 EB

00:00:06 CI3+3, BLRM-2d, PIPE 2 [}
08:59:19 @ 8 9@ & 110

Simulation Inputs:

Trial Params: p=03 =10 Ry.ee= 32432

Design 1 (CI3+3): =30 =3 d =1 =1 =0.05 £=0.05

Design 2 (BLRM-2d): =30 =3 =1 =1 =005 =005 enoc=0.25
Design 3 (PIPE =30 =3 =1 =1

Figure 4.12: View the simulation results in the Dual-Agents Cohort-Based Designs module.
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Details of the Simulation Results

The simulation results are divided into two parts, i.e, Simulation Result Summary and Tabulated

Results by Scenarios. Each part can be viewed or hidden by clicking the button for that part.

Part A: Simulation Result Summary

A. Line plots showing four summary statistics of the simulation results for all the designs (Figure
4.13), including Prob. of Selecting MTDC, Prob. of Toxicity, Prob. of Selecting Does-
over-MTDC, and Prob. of No Selection.

B. A table of mean and standard deviation (s.d.) for the four summary statistics (Figure 4.14).

Simulation Outputs:
Vv Part A: Simulation Results Summary

Prob. of Selecting MTDC

0.8

0.2

2
Scenario Index

Prob. of Selecting Dose-over-MTDC

04

0.3

0.2

Prob. of Toxicity

1 2
Scenario Index

=~ Design 1 (CI3+3) =~ Design 2 (BLRM-2d) -~ Design 3 (PIPE)

Prob. of No Selection

0.7
0.6
0.5
0.4
0.3
0.2

0.1

[+

w

1 2 3
Scenario Index

0

1 2
Scenario Index

©

-0~ Design 1 (CI3+3) =~ Design 2 (BLRM-2d) -~ Design 3 (PIPE)

Figure 4.13: Simulation result plots in the Dual-Agents Cohort-Based Designs module.
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Summary of Performance
Design 1 (CI3+3) Design 2 (BLRM-2d) Design 3 (PIPE)
Prob. of Selecting MTDC 0.671+0.245 0.111+0.080 0.424 +0.277
Prob. of Toxicity 0.237+0.078 0.177 £0.063 0.196 +£0.077
Prob. of Selecting Dose-over-MTDC 0.128+0.221 0.039 £ 0.067 0.103+0.178
Prob. of No Selection 0.001+0.001 0.319+£0.251 0.002 +0.002
* Mean + Standard Deviation

Figure 4.14: Simulation summary in the Dual-Agents Cohort-Based Designs module.
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A. Line plots:

e The four summary statistics are part of operating characteristics of the designs. They are
explained in full detail next.

— Prob. of Selecting MTDC: The probability of selecting the true MTDC, defined as the
proportion of simulated trials that correctly select the true MTDC. The higher the value,
the better the design.

* For CI3+3 & BLRM-2d designs, the true MTDCs are defined as the dose combina-
tion levels of which the true toxicity probabilities fall into the equivalence interval
[pr — €1,pr + €2]; if none of the dose combinations have a toxicity probability
that falls into the equivalence interval, the true MTDC is defined as the dose com-
bination with the highest toxicity probability below pr. For the PIPE design, the
true MTDCs are defined as the dose combination levels with the highest toxicity
probabilities lower than or equal to pr.

* To compare the operating characteristics of multiple designs submitted in a simula-
tion study, the definition of MTDC should be unified. If any of CI3+3 & BLRM-2d
designs are used in the simulation, the CI3+3 and BLRM-2d might use different
El’s [pr — €1,pr + €2]. Then the MTDCs are defined as the dose combination
levels of which the true toxicity probabilities fall into the widest equivalence inter-
val [pr — max{e; }, pr + max{ez}]. Here, max{-} is taken over the designs. If
none of the dose combinations fall in, the dose combination with the highest tox-
icity probability that is below pr is the true MTDC. For example, consider a case
in which users compare three designs, CI3+3, BLRM-2d and PIPE, in a simula-
tion study targeting pr = 0.3. Suppose €; = 0.02 and e = 0.05 for CI3+3, and
€1 = 0.05 and €5 = 0.03 for BLRM-2d. In this case, the true MTDC is the dose
combination levels with toxicity probabilities in [0.3 — 0.05, 0.3 + 0.05]; if none
of the dose combinations have a toxicity probability in [0.3 — 0.05,0.3 + 0.05],
the dose combination with the highest toxicity probability lower than 0.3 is the true
MTDC.

* For the designs that choose multiple dose combinations as the MTDCs at the end of
the trial (PIPE & CI3+3), Prob. of Selecting MTDC is the percentage of simulated
trials that correctly select at least one true MTDC.

* If a scenario does not have any MTDC (e.g., all dose combinations have toxicity

probabilities higher than the target pr), no selection is the right decision. In this
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case, the probability of selecting the true MTDC is the probability of no selection.

— Prob. of Toxicity: The proportion of patients who have experienced DLT across all
the simulated trials. The lower the number, the fewer patients having DLTs under the
design.

— Prob. of Selecting Does-over-MTDC: The probability of selecting the dose combina-
tion levels above the true MTDC, defined as the percentage of simulated trials that select
any dose combinations with true toxicity probabilities higher than p7 at the end of the
trial. The lower the value, the better the safety of the design.

— Prob. of No Selection: The proportion of the simulated trials in which none of the dose
combination levels are selected as the MTDC. If a scenario does not have any MTDC,
this values is treated as the probability of selecting the true MTDC, i.e., the correct
decision.

e For each line plot, the x-axis is the index of scenario and the y-axis is the value of summary
statistics. Lines with different colors represent different designs.

e The plots are interactive for better visualization.

— Hover the mouse on a dot and a box will display the value of each design at the corre-
sponding scenario (top left plot in Figure 4.13: Prob. of Selecting MTDC)

— Hover the mouse on the design label to highlight the corresponding line and fade the
others (bottom right plot in Figure 4.13: Prob. of No Selection).

— Click the design label to hide the corresponding line and click again to change it back

(top right plot in Figure 4.13: Prob. of Toxicity).

B. Simulation summary table: Figure 4.14 shows the mean+sd of the summary statistics across all

scenarios for each design.
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Part B: Tabulated Results by Scenarios

Full simulation results are presented mainly in tabular format arranged by scenarios (Figure 4.15),
each with five sections (a bubble plot and four tables). The first section is a bubble plot that summa-
rizes the scenario setting with dose levels of two agents and their true toxicity probabilities at each
dose combination level. The middle three sections (the first three tables), from top to bottom, report
the selection probability, the average number of patients treated, and the average number of toxici-
ties (i.e. DLTs) at each dose combination, respectively. In these four sections, the green, blue and
red bubbles (cells) represents doses that are the true MTDC(s), below and above the true MTDC(s),
respectively. The last section reports the four trial-specific summary statistics, which are the same
as those shown in the Simulation Result Plots, mainly from two aspects: MTDC selection and trial

toxicity.

The first three tables following the bubble plot (Figure 4.15) present three summary statistics
from the simulation.
Selection Prob.: The proportion of simulated trials that select each dose level as the MTDC,
Average # of Patients Treated: The average number of patients treated at each dose level,

Average # of Toxicities: The average number of patients experienced DLT at each dose level.

The last table reports the following summary statistics for the simulation (Figure 4.15).
e MTDC Selection

— Prob. of Selecting MTDC: The proportion of simulated trials that select the true MTDC
at the end of the trial.

— Prob. of Selecting Does-over-MTDC: The proportion of simulated trials that select the
doses higher than the true MTDC at the end of the trial.

— Prob. of No Selection: The proportion of simulated trials in which none of the dose

levels are selected as the MTDC.

For detailed descriptions, please refer to Simulation Result Plots section above.

e Trial Toxicity

— Prob. of Toxicity: The proportion of patients experiencing DLT across all the simulated

trial. For detailed descriptions, please refer to Simulation Result Plots section above.
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 Part B: Tabulated Results by Scenarios
Scenario 1
True Tox Prob.
Agent1
Agent2 Doset Dose2 Dose3
Dosel 0.060 0110 0.180
Dose2 0110 0.160 0230
Dose3 0180 0230 0300
Dose below the true MTDC. | The true MTDC. | Dose above the true MTDC.
Selection Prob.
Design 1(C13+3) Design 2 (PIPE)
Agent1 Agent1
Agent2 Dosel Dose2 Dose3 Agent2 Dosel Dose2 Dose3
Doset 0.002 0.000 0016 Doset 0.000 0.038 0331
Dose2 0.006 0.029 0201 Dose2 0.050 0.193 0357
Dose3 0.030 0220 0496 Dose3 0331 0350 0121
Dose below the true MTDC. | The true MTDC. | Dose above the true MTDC. Dose below the true MTDC. | The true MTDC. | Dose above the true MTDC.
# of Patients Treated (s.d.)
Design 1(C13+3) Design 2 (PIPE)
Agent1 Agent1
Agent2 Dosel Dose2 Dose3 Agent2 Doset Dose2 Dose3
Doset 3.909 0.801 1350 Doset 3792 4.068 7.104
Dose2 4221 5721 9.789 Dose2 4116 7.821 7.815
Dose3 2298 12132 31773 Dose3 7.374 8.055 3.804
Dose below the true MTDC. | The true MTDC. | Dose above the true MTDC. Dose below the true MTDC. | The true MTOC. | Dose above the true MTDC.
# of Toxicities (s.d.)
Design 1 (CI3+3) Design 2 (PIPE)
Agent 1 Agent 1
Agent2 Dosel Dose2 Dose3 Agent2 Dosel Dose2 Dose3
Dosel 0235 0.093 0252 Dosel 0221 0422 1.265
Dose2 0.460 0.862 2213 Dose2 0.436 1236 1735
Dose3 0.437 2875 9.611 Dose3 1316 1840 1113
Dose below the true MTDC. | The true MTDC. | Dose above the true MTDC. Dose below the true MTDC. | The true MTDC. | Dose above the true MTDC.
Design Performance
Design 1 (C13+3) Design 2 PIPE
Prob. of Selecting MTDC 0.496 0121
Prob. of Toxicity 0237 0178
Prob. of Selecting Dose-over-MTDC 0.000 0.000
Prob. of No Selection 0.000 0.001

Figure 4.15: Simulation result tables in the Dual-Agents Cohort-Based Designs module.
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4.2.3.2 Restore simulation

Users can restore the simulation setting from the simulation results by clicking the button at the
upper right corner of each simulation results panel (yellow arrow in Figure 4.16), which will switch
the display to the Simulation Setup page with the simulation settings restored. This is useful to

restore existing simulation settings for reproducible results.

Simulation History
Select a Design Category:  Dual-Agts Dose-Finding - Tox Endpoint & Cohort Enrollment $

C: Single-Agent Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, R: Single-Agent Dose-Finding Design with Toxicity Endpoint and Rolling Enrollment, T: Single-
Agent Dose-Finding Design with Efficacy & Toxicity Endpoints and Cohort Enrollment, D: Dual-Agents Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, B: Basket-
Trial Design, S: Subgroup Enrichment and Analysis

e Click the button to display simulation results.
o Clickthe ) button to import simulation settings into the Simulation Setup tab.
o Clickthe T button to delete simulation results.

o Clickthe &, button to download a report of simulation results in word or zip file that includes a protocol template with a statistical section incorporating simulation results.

Type Launch Time Duration Designs Labels # Scenarios Actions Version
- EB
D 2021-06-21 04:44:55 00:00:07 CI3+3, PIPE \:,f 3 D o & 110
CI3+3, BLRM-2d, - EB
D 2021-06-21 04:28:17 00:04:43 PIPE 4 3 ) m = 110

Figure 4.16: Restore simulation setup and download simulation results in the Dual-Agents Cohort-

Based Designs module.

4.2.3.3 Download simulation results

There is a button at the upper right corner of each simulation results panel (green arrow in Figure
4.16). Click it to download a zip file, which includes a Word file and four line plots of summary
statistic shown in Figure 4.13. The Word file is the East Bayes’s proprietary report simulation report
with complete simulation results under the designs and scenarios users added in the Simulation
Setup page. Users could update and revise the simulation settings and results tailored for their trials

or contact us for consulting services via email support@cytel.com.
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4.3 Statistical Methods Review

4.3.1 Methods for Scenario Generation

In the Dual-Agents Cohort-Based Designs module, East Bayes provides four methods to generate
scenarios (different dose-toxicity response patterns) for simulation studies: 1) Default Scenarios
based on a logistic regression, 2) Scenarios through Logistic Regression, 3) Scenarios through
Marginals & Interactions, and 4) Scenarios through Manual Construction. This section de-

scribes the detailed methods of the first three methods in details.

Notation

Consider a trial combining /(/ > 2) dose levels of agent A, denoted by {da1,da2,...,dar},
and J(J > 2) dose levels of agent B, denoted by {dp 1,dB2,...,dp s}, for dose finding. Let
dij = (da,i,dp,;) represent the combination of dose levels ¢ and j for agents A and B respectively

and 7;; represent its true toxicity probability, forc =1,2,..., Tand j =1,2,...,J.

4.3.1.1 Method for Generation of Default Scenarios

In this method, the doses of agents A and B are standardized to be in the interval [0, 1], via u; =

dai—da;
da,r—da1

(0,0) and the highest dose combination is (us,vy) = (1,1). We model the drug combination-

dp,j—dp 1

and v; =
J dp,j—dB,1

, respectively. Therefore, the lowest dose combination is (u1,v1) =

toxicity relationship 7;; using a four-parameter logistic model:

logit(mi;) = log(; ii;ij) = Po + Prui + P2uj + Pauivy, (4.1)
where S, 81, B2 and (S5 are four unknown parameters that represent the logit of the toxicity prob-
ability at the minimum available doses corresponding to u; = v = 0 (fy), the toxicity effect of
agent A (/31), the toxicity effect of agent B (f2), and the toxicity effect of the interaction between
two agents (/33), respectively. Denote 3 = (B, f1, B2, 53) the vector of four unknown parameters
in model (4.1).

To specify the unknown values (5o, 51, B2, 33), we follow a procedure as follows. Firstly,
we elicit with physicians four “anchor” probabilities 77 ;, 77 ;, 771, and 77, corresponding to the

toxicity probabilities of the four dose combinations at (da; = 1,dp j = 1), (da =1,dp1 =0),
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(dag =0,dp,y=1),and (da1 = 0,dp1 = 0). Under (4.1), this means

Bo+ B1+ B2+ B3 =logit(ry;)
B + f = logit (7
0 2 git(7y ;) , “42)
Bo + B = logit(m7;)
fo — logit(r},)
which can be rewritten in matrix format:
AB =TI, 4.3)
where
1111 Bo logit(77 ;)
= 1010 . B1 = logit(7} ;)
1100 B logit(77};)
1000 B3 logit(7];)
Then the solution of 3 can be easily solved by
Bo logit(77};)
. 3 logit(77,) — logit(77}
Bo logit(y ;) — logit(7y; )
B3 logit(7} ;) — logit(n} ;) — logit(n},) + logit(77;)

In East Bayes, we assume that the four “anchor” probabilities may take two default choices:

x * X J x _ prxI %
D) 77, =pr, 7 = I+J -1 T = 117-1 and 7}, = I+J 1,1n which the MTD is the highest

dose combination of the dose matrix; or
(1—pT)(I+J—t—m) * o 7TIJ><J _ 7'('[]><I

* — —_
)y =pr+ g Mg = T Th = 1o and myy = I+J 7» in which
the MTD is in the middle of the dose matrix. Here, t = % if I is even; otherwise, t = %

Similarly, m = %, if J is even; otherwise, m = %

Substitute the estimated ,3 into equation (4.1) to obtain the probability of toxicity for each dose
combinations 7r”, fori=1,2,...,Iand j = 1,2,...,J. This produces two Default Scenarios.

4.3.1.2 Logistic Regression

Using the logistic regression (4.1), users can generate more scenarios by specifying the four param-
eters 3 = (5o, 51, B2, B3). Following §4.3.1.1, one can elicit the “anchor” probabilities to generate

scenarios.
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4.3.1.3 Marginal & Interactions

In this method, we model the dose-toxicity relationship through marginal toxicity probabilities of
each agent when they are used alone and an interaction effect between the two agents.

We start by introducing some additional notation. Let m4; and 7p; be two single-agent
probabilities of DLT ascribed to i-th level of agent A and j-th level of agent B, respectively, for
1=1,2,...,Tand 5 =1,2,...,J. In the special case of no interaction (independence), the single-
agent toxicities fully determine the toxicity of combinations. For dose combination (d 4 ;, dp ;), the
probability of no DLT is (1 — 74 ;)(1 — 7). Under independence, let 7r?j be the probability of no

DLT under the combination (d,;, dp, j) when the two drugs are independent; it is true that
W?j =1—(1—mas)(1 —7Bj) =Ta; + 7B — TATB,;j-
On the odds scale this is equivalent to
odds; = odds s ; + oddsp ; + oddsa; x oddsp,j,
where odds); = 7} /(1 — 7)), etc. To allow interaction, one assumes
odds;; = odds?j x g(n,da,dp,;j).

In East Bayes, we use the same interaction g(-) for all dose combinations, i.e., g(,da,,dB ;) =

exp(n). Different values of 7 represent different relationship between the two agents. Specifically,

e 71 = 0: No interaction.

e 1) < 0: Protective, i.e., the drug combination produces a toxic effect less than that if the drugs
act independently in the body.

e 1 > (: Synergistic, the drug combination produces a toxic effect greater than that if the drugs

act independently in the body.

oddsi j

Lastly, we have toxicity probabilities for all dose combinations through m;; = 7577~
ij

4.3.1.4 Manual Construction

We also allow users to manually input scenarios (toxicity probabilities for all dose combinations,

;). See detailed procedure in §4.2.2.3.
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4.3.2 The Product of Independent Beta Probabilities Dose Escalation (PIPE)

The product of independent beta probabilities escalation (PIPE) design is a Bayesian dose find-
ing method for a combination therapy with two active agents, introduced in Mander and Sweeting
(2015). The PIPE design aims to target a MTD contour such that the probabilities of toxicity for
all dose combinations on this contour equal the prespecified target toxicity level pr. The dose
finding decision process is based on the estimated contour, and multiple dose combinations can be

recommended to take forward to phase II.

4.3.2.1 Probability Model

Let d4; denote the i-th dose level of agent A and dp,; denote the j-th dose level of agent B,
i=1,2,...,](I >2)and j =1,2,...,J(J > 2). Assume d4; < dai+1 and da; < daji1. Let
dij = (da,i,dp,j) represent the combination of dose levels 7 and j for agents A and B respectively,
and 7;; represent its true toxicity probability. The toxicity is assumed to be monotonic increasing
with increasing dose. That is, m;; < w115, ¢ = 1,2,...,1 — 1, Vjand mj; < w541, =
1,2,...,J—1,Vi.

PIPE assumes 7;; follows an independent beta distribution, i.e., m;;|a;j, bij ~ beta(a;j, bi;),
Vi, j. Here, (ai; + b;j) represents a measure of the amount of information contained in the prior,
equivalent to the number of patients observed at dose d;; before the trial begins; and a;; /(a;; + bi;)
and b;;/(a;; + bsj) represent the expected prior proportions of DLTs and non-DLTs at dose d;j,
respectively. In East Bayes, we use a strong prior a;; = b;; = 0.5, Vi, j. The reason we call
beta(0.5,0.5) a strong prior is because we follow the terminology in the PIPE paper (Mander and
Sweeting, 2015). Specifically, the authors use the word “strong” to contrast the weak prior in their
method which corresponds to Zij(aij + b;j) = 1. Request to allow other priors via emailing
support@cytel.com.

Patients are recruited into the trial sequentially in cohorts of a pre-specified size with each
(m)
ij

patients have experienced DLT for dose combination d;;; the data up to the

cohort assigned a dose combination chosen by the design. Suppose after the first m cohorts, y

)
v
end of the m-th cohort are defined by Data™ = {ygﬁ), nz(;n),i =1,...,1,5=1,..., J} . Then
because of conjugacy and prior independence of the ;;, the posterior distribution of 7;; is also a

patients out of n

beta distribution given by

i | Data(m), a;j, bij ~ beta(a;; + ygn), bij + nl(;n) - yz(jm))
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Agent B — —
dg, O 1 0 1 0 0
dg, O 1 0 T‘ 0 0
dyy dyy dyy dy dyy dy
Agent A

Figure 4.17: Six monotonic MTC examples for two agents (each with two experimental dose lev-
els).

4.3.2.2 Maximum Tolerated Contour (MTC)

The PIPE design aims to locate the MTC,,,. corresponding to the pre-specified target probability
of toxicity pr , and uses MTC,,,. to recommend the dose level for the next cohorts. The MTC,,,.
is defined as the boundary in the two-dimensional dose combination space that partition the space
into doses with toxicity probabilities above pr or below pr. The estimated MTC,,,. under PIPE is

constrained to follow the monotonicity assumption.

For a discrete set of dose combinations, there are a finite number of locations that a contour can
partition the space. And due to monotonicity assumption, only contours that satisfy monotonicity
(such contours will be called the “monotonic contours™) will be considered. In general, for an I x J
matrix, there are (I J}J) monotonic contours in total. For example, consider a situation where each
agent has two dose levels of experimentation. There are only six possible monotonic contour choices
for the MTC

whether doses are above the contour (1) or below (0). Define the set of all monotonic contours as

.

»r» as shown in Figure 4.17. Each contour is represented by a binary matrix indicating

% . And let the binary matrices that are members of the set € be C,, where s = 1,. .., (

To find the most likely contour for the MTC,, ., consider the posterior probability that the

pT>

toxicity probability is less than or equal to pr for any dose combination d;;:

pi;"™ = Prob (Wij <pr |y nf" ay, bij) :
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Hence, the probability that the MT'C),,. is the contour defined by matrix Cs,

o™ = P(MTC = C, | Data™)
y o s—=1,2 (I+J> 4.5)
_ H {1 7pij(m)}CS[z,g} {pij(m)} 1=Colig]  S=L2 {0 ) .
0,J

where C,[i, j] is the 0-1 indicator for dose combination d;; in the binary matrix as shown in Figure
4.17. The underlying rationale behind the PIPE method is that dose-escalation decisions are based
on the most likely Cs based on ag’"). In other words, PIPE decides the dose finding based on the
contour

C*™) = argmax agm). (4.6)
Cse€

4.3.2.3 Dose Finding Rules

PIPE uses C*("™) as the basis to guide dose finding and to choose from a set of dose combinations
that are close to C*(™). Such set is called the admissible dose set, denoted by QM) In PIPE,
two dose strategies are provided to define Q("): the closest strategy and the adjacent strategy. Let
Qgﬁi s and Q((;Z)a cent DE the two corresponding admissible dose sets, respectively. Here, a dose
combination d; ;: is considered closest to C*(™)if any of the following eight conditions is met,
al) if dy ; is above the Cc*m) ie., Cli',5'] = 1, and
i. if 1 < < 1,1 < j' < J, the dose combinations that are one dose level lower than dyr jr
for only agent A or B (dy_1 ;» and dy j_1) are below the c*m e, Coli' — 1,5 =
Csli', 7 — 1] =0; 0or
ii. ifi' = 1,1 < j/ < J, the dose combination that is one dose level lower than d;/;» for
agent B (dy j_1) is below the ™) ie., Cyli, j' — 1] = 0; or
iii. if 1 < ¢ < I,j" = 1, the dose combination that is one dose level lower than d;/; for
agent A (dys_1 j) is below the ™ ie., Cli’ — 1,7'] = 0; or
iv. if dyj is the lowest dose combination, i.e., ' = j' = 1;
a2) if dyj is below the C*(™), i.e., Cs[¢', 5] = 0, and
i. if 1 < < 1,1 < j' < J, the dose combinations that are one dose level higher than
d;r» for only agent A or B (d;/41 5 and dy_jr1) are above the Cc*m) e, Csli' +1,5'] =
Csli',j' +1] =1.;0r
ii. if i/ = 1,1 < j' < J, the dose combination that is one dose level higher than d;jr for

agent B (dy jr41) is above the Cc*m ie., Csli',j' + 1] = 1; or
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+ o+
XX + +
Agent B + 4+ X |+
+ | +
+ | X +
Agent A

Figure 4.18: The set of admissible doses that are closest and adjacent (X) and adjacent but not
closest (+) to C*(™),

iii. if 1 <4’ < 1,5’ = J, the dose combination that is one dose level higher than d;/; for
agent A (d;r41,j) is above the C*m ie., Cyli’ +1,5'] = 1; 0r
iv. if dy ; is the highest dose combination, i.e., 7’ = I and j' = J.
Similar, a dose combination d ; is considered adjacent to C *(m) if any of the following four con-
ditions is met,
bl) if d;r; is above the Cc*m) ie., Cli',5'] = 1, and
i.if 1 < < 1,1 < j < .J, among the dose combinations that are a maximum of one
dose level lower than d;/; for both agents A and B, d;1,;, d; j—1 and d; 1 1, there
exits at least one dose combination located below the C*(™) | ie., C, [i' —1,7] =0,
Csli',j' —1] =0o0rCs[i’ — 1,5/ — 1] = 0; or
ii. if the dose level of agent A or B is the lowest, i.e., i’ = 1 or j/ = 1;
b2) if djj is below the cxm) e, Cs [i’,5'] =0, and
i.if 1 <47 < 1,1 < j < .J, among the dose combinations that are a maximum of one
dose level higher than d;;/ for both agents A and B, d;11,;, d; j+1 and d; 1 j 1, there
exits at least one dose combination located above the C*("™) | ie., Csli + 1,7 =1,
Csli',j'+1] =1orCs[i’ + 1,7+ 1] =15 0r
ii. if the dose level of agent A or B is the highest, i.e., 7 = I or j' = J,;
Figure 4.18 shows an example for two agents, each with six doses, where the solid line is C*("), the
sign X’s denote the dose combination that are closest to C*("™) and +’s denote the dose combinations
that are adjacent but not closest to C*™) . Due to the toxicity monotonicity assumption, all closest

doses are adjacent.
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In the PIPE paper, Mander and Sweeting (2015) provide two ways to choose one of the admis-
sible dose combinations as the dose for the next cohort,
1) Select the next dose combination to be the admissible dose with the smallest current sample
size, where sample size here is defined as both the prior and trial sample size combined, that
18, Si(;l) = ngn) + a;j + b;j. Mathematically, this means to select the dose for the next cohort
dj+j+ = argmin SZ-(;TL).
d;;€Q0m)
If multiple doses are returned by this function, then the dose combination administered is
selected randomly from this set with equal probabilities.
2) Select the next dose combination based on a weighted randomization, where the selection of
the admissible doses is weighted by the inverse of their sample size, that is,

Sjl(m)
P (cohort m + 1 is allocated at d;; | d;; € Q(m)> = e =
Edij€Q<m) S’L]

In East Bayes, we take the closest dose strategy 1) to define the admissible dose set, i.e.,

Qim) — nggest, and choose the admissible dose with the the smallest current sample size, i.e.,

strategy 1) above. Request to apply other dose-escalation rules via email support@cytel.com.

4.3.2.4 Dose Skipping and Safety Rules

In phase I dose-finding trials, dose skipping through the pre-defined levels of agents A and B is
often prohibited. Such constraints are accommodated within the PIPE design. In East Bayes, we
apply the Neighborhood Constraint, which forces the admissible doses for the next cohort to come
from a restricted set of doses that are a maximum of one dose level higher or lower than the current
experimented dose both for agents A and B. Besides, East Bayes does not allow diagonal escalation,
i.e., escalation from d;; to d; 1 ;41 is not allowed. Therefore, the admissible doses can be identified
given the adjusted neighborhood constraint, and as an example, are shown in Figure 4.19 for a
trial that has its current cohort doses at either (a) di; or (b) ds3. In example (a), the dashed box
indicates the admissible doses under the current adjusted neighborhood constraint; i.e., doses di2
and ds1; however, neither is adjacent or closest to the estimated MTD, C*("™)_ In this case, PIPE will
randomly select one of those two dose combinations to be the next administered dose. In example
(b), there are now three dose combinations that are closest, dag, d34 and dy3, and six adjacent, dog,
da3, dss, d3q, d43 and dy2, that could be chosen under the adjacent strategy. Request to apply other
constraints, such as the Non-neighborhood Constraint mentioned in Mander and Sweeting (2015),

via emailing support@cytel.com.
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(a) Current dose d,; (@) (b) Current dose d;; (@)

Agent B Agent B e
. . . . . . + O Xi
* .
®
Agent A Agent A

Figure 4.19: The sets of admissible doses that are closest and adjacent (X), and adjacent but not
closest (+) and largest (*) to C*(m) under a neighborhood constraint without diagonal escalation
applied in East Bayes. The dashed line shows the current neighborhood constraint (i.e. only dose

combinations within the dashed box are admissible).

Additionally, a Safety Constraint is imposed to avoid any potential over-dosing. Consider the

expected probability of dose combination d;; being above the MTC,,,., averaged over the distribution

(m)

of the monotonic contours. Denote this probability as g; j after m cohorts, which is written as

¢ = 3" Ci[i, IP(MTC = C, | Data™).

Cse?
(m)
ij
¢ is a prespecified constant. Mander and Sweeting (2015) have found that choosing § = 0.8 gives

The safety constraint excludes dose combination d;; from the admissible dose setif ¢;; * > J, where
desired operating characteristics in the simulation studies. East Bayes uses 0 = 0.8 by default. The
trial is terminated early if there are no available dose combinations that satisfy the safety constraint.

For further safety, two additional safety rules in mTPI-2 and i3+3 are also applied in East
Bayes.

— [Rule 1: Dose Exclusion] If the current dose combination is considered excessively toxic,
ie., Prob{m;; > pr | Data(m)} > ¢, where the threshold ¢ is close to 1, say 0.95, the
current and all higher dose combinations {d,,;; : i < m < I,j <1 < J} will be excluded
and never be used again in the remainder of the trial.

— [Rule 2: Early Stop] If the current dose is lowest dose combination and is considered exces-

sively toxic according to Rule 1, early stop the trial for safety.
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4.3.2.5 The Recommended Phase II Doses

At the end of the trial, multiple doses can be recommended further experimentation at phase II.
To do this, after the last cohort M has been enrolled, C*(M) ig estimated. Dose combinations that
are closest from below to C*(M) have been tried during the trial and do not violate the safety

constraint/rules are selected as the recommended phase II doses (RP2Ds).
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4.3.3 The Bayesian Logistic Regression Method for Combination of Two Agents
(BLRM-2d)

This section describes the Bayesian logistic regression method design for a combination of two

active agents (BLRM-2d), proposed by Neuenschwander et al. (2015).

4.3.3.1 Probability Model

Consider a trial combining /(I > 2) dose levels of agent A, denoted by {da1,da2,...,dar},
and J(J > 2) dose levels of agent B, denoted by {dp 1,dBy2,...,dp s}, for dose finding. Let
dij = (da;,dp,;) represent the combination of dose levels ¢ and j, and m;; represent the true
toxicity probability for dose combination (da;,dp ), fori = 1,2,..., 7 and j = 1,2,...,J.
Assume dg; < daiv1,anddp; < dp jy1.

The BLRM-2d assumes a logistic model between the marginal toxicity probability of each
agent and the dose levels, and the toxicity of probability of the dual agent combination is constructed
by the marginal toxicity probability of each agent and the interaction between them, the same as the
model in §4.3.1.3. Specifically, the relationship of the marginal toxicity probability of each agent

and the dose levels is given by:

logit(ma ;) = log(odds ;) = log(a1) + f1 x log(dai/daref), oa,B1 >0, (4.7a)
logit(wB,j) = lOg(OddSBJ) = log(ag) + 52 X 1Og(dB,j/dB,ref)a QQ,BQ >0, (4.7b)

where a1, 81, ap and 37 are the unknown parameters, 74 ; and g ; are the marginal toxicity prob-
abilities ascribed to ¢-th level of agent A and j-th level of agent B respectively, for¢ = 1,2,...,1
andj=1,2,...,J,and d4 ,.f and dp ,. are the reference doses for agents A and B, respectively.
East Bayes uses the (ceiling of (I + 1)/2)-th and (ceiling of (J + 1)/2)-th level of agents A and
B as default reference doses, respectively. This release users from the burden of setting reference
doses manually on East Bayes; however, we provide service of customized input of these values
upon users requests by emailing us support@cytel.com. In the special case of no interaction,
a1, B1, ag, and By fully determine the toxicity probability for a dose combination. For dose combi-
nation (d,;, dp ;) the probability of having no DLT is (1 — 74 ;)(1 — 7 ;). Hence, the probability

of DLT under no interaction is

my = 1= (1= 7ma:)(1 = 7B;) = Ta; + 7B, — TATB,.
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On the odds scale, we have

0
odds? — Tij  TAi+TBj — TATB,;
1) 0o
7ool-my 1= (ma;+ 7B, — TAiTB,;)

_ TA; TR — TAITB,j
(1—mai)(1—7p;)
TAj TB,j TA TB,j
1_7TA72' 1—7TB7]‘ 1_7TA,1' 1—7TB7]‘

= odds; + oddsp ; + odds s ; x oddsp ;
Adding an interaction parameter 1 has the interpretation of an odds-multiplier as follows:
odds;; = odds?j -exp(n).
Hence, the probability of DLT at dose combination (d 4 ;,dp ;) is given by

Mij = Oddsij/(l + OddSZ‘j)

4.3.3.2 Likelihood and Prior Specification

Let n;; and y;; be the number of patients treated at dose combination (d4;,dp ;) and the corre-
sponding number of patients with DLTs, respectively. For observed data, Data = {y;j,n;j : i =

1,2,...,1,7=1,2,...,J}, the likelihood function is the product of the binomial densities, i.e.,
I J
L(Data | 61,02,1n) = HHWZU (1 — )™= vi |
L

where 61 = (a1, 81) and B2 = (ag, 52) are vectors of unknown parameters in equations (4.7a) and
(4.7b), respectively.
For the prior specification of parameters, ay and 5, (k=A or B, denoting different agents)

follow a multivariate log-normal prior, 7(681) or m(62), given by

1 2
og(k) ~MVN il , X p,where X = k1 pkak;%,z ) (4.8)
log(By) [ok,2 PkOk10% 2 Tiio

where “MVN” stands for a multivariate normal distribution. The interaction parameter 7 follows
a normal distribution as follows 7 ~ N (fiy, a,%). In East Bayes, we use the quantile-based non-
informative prior calculator proposed by Neuenschwander et al. (2008) to specify the hyperparam-
eters (fk,1, [k,2, Ok,1, Ok 2, Pk) in (4.8) for each agent, as described in their Appendix A.1.
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The hyperparameter calculation process is based on a set of quantiles for the probabilities
of toxicity that are derived from minimally informative unimodal beta distributions. Here, a beta
distribution X ~ beta(a,b) is defined as a minimally informative unimodal distribution, given a
prespecified quantile ¢(p) of the prior distribution, if (i) Prob{X < ¢(p)} =p,({)a >1orb>1
(or both), and (iii) a+b minimal. For a given prior quantile ¢(p), the parameters and the quantiles of
a minimally informative unimodal beta distribution can be easily obtained. If ¢(p) > p, beta(a, 1)
is minimally informative unimodal if « = In(p)/In{q(p)}. Alternatively, if ¢(p) < p, beta(1,d) is
minimally informative unimodal if b = In(1 — p)/In{1 — q(p)}. Specifically, the following steps

are used for this prior distribution specification for each agent, using agent A as an example:

1. Obtain the set of prior quantiles () for the distribution of py. In East Bayes, we summarize
prior information at a given dose using the median, 2.5%-th and 97.5%-th percentiles, denoted
by qa = {44(2.5%), ¢a(50%), qa(97.5%)}.

(a) For the lowest dose d = 1, the prior probability of exceeding a certain threshold ¢; (¢1)
is ¢1. In East Bayes, the following default values will be used: Prob{p; > 0.4} = 5%,
i.e. for the lowest dose the probability of excessive toxicity will be set to be 5 percent.

(b) For the highest dose d = D, the prior probability of falling below a certain threshold
gp(¢2) is ¢2. In East Bayes, the following default values will be used: Prob{pp <
0.2} = 0.05, i.e. for the highest dose the probability of under-dosing will be set to be 5
percent.

(c) Assuming a minimally informative unimodal beta distribution in (a) and (b) leads to
prior medians for the probabilities of toxicity p; and pp, say u1 = ¢1(50%) and up =
qp(50%).

(d) Prior medians p1, ..., up are assumed to be linear in log-dose on the logit scale. This
decides the minimally informative unimodal beta distributions for each dose d.

(e) For each dose d, two quantiles (2.5% and 97.5%) is derived using minimally informative
unimodal beta distributions with prior medians equal to pig.

(f) Therefore, a set of D x 3 quantiles are obtained, denoted by Q = {qax} with qg, =
qi(mr), d=1,2,...,D, k = 1,2,3, where m; = 2.5%, mo = 50% and w3 = 97.5%.

2. For the two-parameter logistic model the above constructed quantiles () are then compared
with the quantiles Q' coming from the bivariate normal prior distribution. We will minimize
the following criteria:

(XQQ@:%?MM—%Md:LZHWD$:L13
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The minimization of C'(Q, Q') leads to the optimal parameter for the prior distribution =
(w1, 2, 01,02, p), which can be achieved by a stochastic optimization using a Metropolis
algorithm (Robert and Casella, 2013).

Therefore, the posterior distribution of (61, 02, 7) is given by

p(glv 02, n ‘ Data) X ‘C(Data ‘ 01,02, 77)”(91)77(02>7T(77)
= TTm) (1 = i) am(01)m(82) ().
i7j
where 7(61), w(62) and 7(n) are the prior distributions specified above. Using Markov chain
Monte Carlo (MCMC) simulation, the posterior samples could be drawn for 61, 82, 17 and posterior

inference can be made based on the samples.

4.3.3.3 Dose Finding Rules

Suppose the target probability of DLT is pp, BLRM-2d divides the probability interval (0, 1) into
three categories: under-dosing p;; € (0, pr — €1], target toxicity p;; € (pr — €1, pr + €2], excessive
and unacceptable toxicity p;; € (pr + €2, 1). After each patient cohort is enrolled and toxicity data
are observed, the next dose will be selected depending on the Targeted Toxicity Maximization
Subject to Escalation with Overdose Control (EWOC). That is, select the dose for the next cohort
patients as the one that maximizes the posterior probability of falling into the targeted interval, i.e.,
argmax; ; Prob{m;; € (pr — €1,pr + €2] | Data} subject to the constraint that the probability
of overdosing (i.e., excessive and unacceptable toxicity) does not exceed a predefined threshold
PEWOC, i.e., Prob{m;; € (pr + €2,1) | Data} < ppwoc. Here, Prob{-} is calculated based on
posterior distribution of (61, 02,7).

4.3.3.4 Skipping and Safety Rules

In phase I dose-finding trials, dose skipping and diagonal escalation are often prohibited. To this
end, we East Bayes defines the admissible doses for the next cohort as a set of doses that are at
most one dose level higher or lower than the current dose for both agents A and B. In addition, East
Bayes dose not allow diagonal escalation. See Figure 4.20 for an illustration. In example (a), the
current dose combination is d1; and the admissible doses are di1, d12 and da1; in example (b), the
current dose is d33 and the admissible doses are ds34, d43, ds3, dog, d4o, dog, d3o and doo, a total of
eight doses. The trial is terminated early if there are no available doses in the admissible dose set or

no doses in the admissible set satisfy the EWOC constraint.
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(a) current dose dy1 (®) (b) current dose dss3 (®)
‘o o
Agent2r;1- Coe Agent 2 ED 0L|;1:
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Figure 4.20: The set of admissible doses. Small dots (-) denote the pre-defined dose combinations
for the trial, a large dot () denotes the current dose, and squares and the large dot (O and e) denote

the admissible doses for the next cohort patients.

For further safety, two additional safety rules in mTPI-2 and i3+3 are also applied in East
Bayes.

— [Rule 1: Dose Exclusion] If the current dose combination is considered excessively toxic,
ie., Prob{m;; > pr | Data™} > ¢, where the threshold ¢ is close to 1, say 0.95, the
current and all higher dose combinations {d,,;; : i < m < I,j <[ < J} are excluded and
never used again in the remainder of the trial.

— [Rule 2: Early Stop] If the current dose is lowest dose combination and is considered exces-
sively toxic according to Rule 1, early stop the trial for safety.

In Rules 1 and 2, Prob{m;; > pr | Data} is a function of the cumulative distribution of beta (o +

Yij» Bo + nij — yij). In East Bayes, ag = o = 1 is used.

4.3.3.5 The MTDC Selection

At the end of the trial, the dose combination d;«j« = (d Aixsd BJ*) is selected as the MTDC if it
maximizes the posterior probability of toxicity rate falling into the targeted interval, i.e., d;j+ =
argmax; ; Prob{m;; € (pr — €1,pr + €2] | Data} among all doses that have been used and do not

violate the EWOC rule.
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4.3.4 The Combo i3+3 Design (CI3+3)

The CI3+3 design is a rule-based design for finding the maximum tolerated dose combination
(MTDC) for dual-agent dose-finding trials, proposed by Yuan et al. (2021). It adopts the dose-

escalation rules of 13+3 (Liu et al., 2020) and extends them from one dimension to two dimensions.

4.3.4.1 Review of i3+3 Design

We first give a brief review of the i3+3 decision rules (Liu et al., 2020), upon which the CI3+3
design is anchored. The i3+3 design defines an equivalence interval EI = [pp — €1, pr + €3] with
the target probability of toxicity pr and two small fractions, €; and €2, and allocates the next cohort
of patients based on the relationship between toxicity probability observed on the current cohort of
patients and the equivalence interval. Specifically, suppose dose d is currently used in the trial to
treat patients, and y, patients have experienced dose limiting toxicities (DLTs) out of n, patients
that have been treated. Based on EI, the i3+3 design identifies the appropriate dose for the next

cohort of patients according to the following five simple rules.

Current dose: d, No. enrolled: ng4, No. DLTs: y4
Condition Decision Next dose level
Z—Z below EI Escalation(E) d+1
Z—Z inside EI Stay(S) d
42 above El and 4= below EI Stay(S) d
Z—‘; above EI and %7‘1—;1 inside EI | De-escalation(D) d—1
Z—‘; above EI and %jl—;l above EI | De-escalation(D) d—1

Here, a value is below the EI means that the value is smaller than (pr — €;), the lower bound of the
EIL A value is inside the EI means that the value is larger than or equal to (p7 — €1) but smaller than
or equal to (pr + €2). A value is above the EI mean that the value is larger than (pr + €2), the upper
bound of the EI.

4.3.4.2 Design Algorithm

For a dual-agent dose-finding trial, suppose I dose levels of agent A, denoted by {d4 1,...,da},
and J dose levels of agent B, denoted by {dp 1,...,dp, s}, are to be investigated. Assume d Ai <
daiy1, and dpj < dpjt+1. Let djj = (da,,dp,) denote the combination of i-th dose level

for agent A and j-th dose level for agent B, and let 7;; denote its true toxicity probability, for
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1=1,2,...,Tandj =1,2,...,J. Generally, toxicity is assumed to be monotonic increasing with
increasing dose of each agent; That is, m;; < miy15, 4 = 1,2,...,1 — 1, Vj and m;; < 541,
j=1,2,...,J — 1, Vi. This results in a partial order. Suppose at any moment in the trail, dose

combination d;; = (da;,dp ;) is currently used to treat patients and a total of n;; patients have
been assigned to dose combination d;;. Let y;; be the number of patients (among 7n;;) with DLTs.

The CI3+3 design consists of two stages, with the first stage aiming for rapid escalation through
a escalation path (EP), and the second stage for expansive exploration of the dose space. In CI3+3,
patients are enrolled in cohorts. To begin the trial, CI3+3 enrolls the first cohort patients at the
starting dose combination. For simplicity, suppose the starting dose is the lowest dose combination
dii.

Stage I: Run-in Stage

In Stage I, CI3+3 escalates the dose along a prespecified path in order to explore the dose-combination
space quickly. Within this path, the doses are fully ordered with monotonic toxicity. Therefore, ex-
isting designs for single-agent dose-finding trials can be used. In East Bayes, we use the i3+3
design.

The path can be chosen based on some pre-clinical and clinical information, such as the mech-
anism of the two agents and the clinical conjecture of MTDC locations. See Figure 4.21 for three
possible paths. When we have little information about the path in Stage I, path P; in Figure 4.21
might be a good choice. In East Bayes, P; is set as the default EP for stage 1. In Figure 4.21, P is
given by,

P3 : {Clll — d21 — dgg — d32 — d33 — d43 — d44 — d54 — d55}.

If a single path is chosen in stage I, CI3+3 uses the i13+3 design to conduct dose finding along

the doses on the path, until

1) a “de-escalation” or a “stay” decision is suggested; or

2) the highest dose along the path is reached.

Stage I1: Adaptive Dose-Finding Stage
In Stage II, the full space of dose combinations is explored. Stage II starts at the last dose combina-
tion of Stage I and continues to assign the next cohort of patients using an algorithm extending the

rules of the i3+3 design.
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Figure 4.21: Three examples of pathways in the run-in period for CI3+3. In this case, two agents
are to be tested, each with five dose levels. The starting dose is the lowest dose combination dj;.
P represents a pathway in which the dose combination firstly escalates levels of agent B and then
levels of agent A when reaching the highest level of agent B; P is the opposite of P;; Lastly, Ps

alternates the increment of the dose levels of the two agents.

Suppose dose combination d;; is currently used in the trial to treat patients, at which y;; patients
have experienced DLT out of n;; enrolled patients. Stage II applies the same up-and-down decisions
FE, S or D to decide the dose combination for the next cohort of patients.

We now define a distance of two dose combinations. For a dose combination d;;, we call a dose
combination dg; a “MoDC” if the maximum value of differences between 7 and k, and between j

and [, is equal to M, M = 1,2, .... Mathematically, this means that M = max(|i — k|, |7 — [|). Let

(B) (9
§57 8057
combination d; ; for decision escalation (F), stay (S) and de-escalation (D), respectively. They are
defined to be

and ng) denote the adjacent candidate sets of dose combinations for the current dose

QY = {dyy | 1< < T1<F <IN =il S L7 =41 S LG =) + (' = 4) =1},

9

Q) = {diy 1< <L1<G <J | =il L] =4 < 1,(7 =) + (' — 5) =0}
O = {dy |1 <7 S LU <IN =i <117 =l S L@ =)+ (' —5) = —1} .

The three adjacent candidate sets are the subsets of 10DCs to d;;. Figure 4.22 gives an example,
where the current dose combination is dss, Qgg) = {d34,dy3}, Qg) = {da4,ds33,ds2}, and Q:g?) =
{das, ds2}-

We call a dose combination orderless to the adjacent candidate set Qg() if the order of the
(X)
j

toxicity probability between the dose combination and any dose combination in £2::’ is unknown,
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Figure 4.22: An example of the adjacent candidate dose combinations. The dashed box contains
the candidate dose combinations, which correspond to three candidate sets of dose combinations for

Stage II of CI3+3: red stands for the candidate dose combinations for £, blue for .S, and green for
D.

X e {E,S,D}.
Once the adjacent candidate sets are determined, Stage II of CI3+3 uses a dose-finding algo-

rithm to determine an appropriate dose combination for the next cohort of patients continuously.

Stage II algorithm:

First, determine the up-and-down decisions A;; € {E, S, D} from the i3+3 design based on the
observed data (y;;,n;;) at the current dose combination d;;. The decision A;; indicates that

(Aij) .
i . Thatis, if A
equals E, S, or D, the next dose combination will be selected from the adjacent candidate set

QSE )’ ngS) or QEJD), respectively.

the next dose combination may be from the adjacent candidate set {2

Second, we consider two special cases to encourage exploration of the dose combination space.

(Aij)

e Let dj; denote a 10DC in the adjacent candidate set 2, Y

for the current dose combi-

nation d;;. A special case is that when

Condition 1 all the dose combinations dg;’s in the adjacent candidate set QEJA”)
have already been tested, and

Condition 2 the corresponding decision is Ay; = S for all dy; € QZ(;L‘” ),
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When conditions 1 & 2 are satisfied, instead of selecting a dose combination from
QE}A” ), we will consider the orderless and untested 10DCs to QE;‘” ) (ie., 1oDCs to
each dose combination in the adjacent candidate set) for future patients. This means

assigning patients to potential 20DCs.

e Another special case is that when A;; = S and n;; >= 12, i.e., when the current

decision is stay and there are more than 12 patients at the current dose combination, we
(%)

consider assigning pateints to the untested dose combinations in the candidate set §2; j

first.

Finally, we calculate the posterior probability of belonging to EI of each dose combination in
the candidate set QE;‘” ), defined as &;; = Pr{p;; € EI | y;j,n;;}, and select the dose combination
d;; with the highest value of &;; for the next cohort of patients. The posterior distribution of p;; is

Beta(1 + yij, 1 + n;; — vyi5) given y;; DLTs out of n;; patients at dose combination d;;.

4.3.4.3 Practical Rules

If dose combination d;; is considered with excessive toxicity, the dose combination and all higher
dose combinations with known order {di/jr i< <I,j<j<J } are excluded from the trial

and never used again in the remainder of the trial. We deem dose combination d;; overly toxic if
Pripij > pr | yij,nij} > &,

where n;; >= 3 and the threshold ¢ is close to 1, say 0.95. And Pr {p;; > pr | yij,n;} is cal-
culated under the beta distribution, Beta(ao + yij, Bo + nij — yij), With ag = Bo = 1. If dyy is

deemed overly toxic, the trial is terminated.

4.3.4.4 MTDC Selection

The trial stops either if d;; is overly toxic or when the prespecified maximum sample size N is
reached. If di; is overly toxic, no MTDC is selected. Otherwise, we select a MTDC based on the
following procedure.

First of all, we assume that the prior for each p;; follows an indepedent Beta(0.005, 0.005),
and the posterior distribution for each p;; is given by Beta(0.005 + y;;, 0.005 + n;; — v;5). We
then estimate p;; by calculating the posterior mean of each dose combination, which is given by

(yij +0.005)/(n;; 4+ 0.01), and perform a bivariate isotonic regression (Bril et al., 1984) on the
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posterior means to meet the monotonic dose-toxicity assumption. Denote the isotonic-transformed
posterior means p;; for all the dose combinations.

Next, we eliminate dose combinations at which the number of enrolled patients is less than
or equal to 3, (i.e, n;; < 3) and dose combinations that are excessively toxic (i.e, Pr{p;; >
prlyij,nij} > & or pij > pr + €2). These elimination improve the operating characteristics of
the designs by weeding out dose combinations with little information or with potential excessive
toxicity.

Finally, we select the dose combination for which the p;; is the closest to the target rate pr
as the MTDC . When there are ties for p;;’s with the same index 7 or j, we select the highest
dose combination (largest 7 or j) among the tied DCs if p;; < pr, or the lowest dose combination
(smallest 7 or j) if p;; > pr, as the MTDC. If the tied p;;’s have different 7 and j, we randomly pick
one as the MTDC.
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S. Multiple Cohort Expansion

5.1 Introduction

In modern early-phase clinical trials, often times multiple doses of a new drug are tested in multiple
indications to identify the promising doses and arms for phase II or phase III trials. Traditionally,
each dose or indication is tested separately in a single trial, resulting in multiple protocols and mul-
tiple trials. This module describes a new solution, the multiple cohort expansion (MUCE) design
(Lyu et al., 2020). MUCE is a Bayesian solution for cohort expansion trials or the master proto-
col trials, in which multiple dose(s) and multiple indication(s) are expanded in parallel. It’s built
on Bayesian hierarchical models with multiplicity control to adaptively borrow information across
patient groups from different indications treated with different dose to achieve three major goals:

1. Control the type I error rate (probability of selecting an unpromising drug for further devel-

opment);

2. Increase the power (probability of selecting a promising drug for further development);

3. Reduce sample size.
As a comprehensive statistical solution, MUCE can be used to calculate the sample size or power,
and to conduct interim and final data analyses for making critical decisions. These can be applied
in any clinical trials with two or more arms, including:

1. Phase Ib trials with multiple expansion cohorts;

2. Phase II trials with multiple arms;

3. Master protocols including basket, umbrella, and platform trials;
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5.2 User Interface and Tutorial

5.2.1 Overview

Entering the MUltiple Cohort Expansion page, users will see four main tabs: 1) Introduction, 2)
Case Study, 3) Quick Demo and 4) Data Analysis (Figure 5.1). In the Introduction tab, a general
description of MUCE design, its application and benefits is provided 5.1). Then three real-world
trials that used MUCE as their trial designs are listed in the the Case Study tab, to demonstrate
the superiority of MUCE when compared with other designs (§5.2.2). Next, in the Quick Demo
tab, a demo of the sample size calculation function of MUCE is given, which is based on a simple
numerical search algorithm (§5.2.3). Last, in the Data Analysis tab (§5.2.4), users could estimate
response rates and corresponding posterior probabilities and perform Bayesian hypothesis testing, to

conduct interim and final analyses for critical decision-making, such as selecting optimal treatment

arm(s).
MUCE (MUltiple Cohort Expansion) User Manual
Introduction Case Study Quick Demo Data Analysis
About MUCE

In modern early-phase clinical trials, often times multiple doses of a new drug are tested in multiple indications to identify the promising doses and arms for phase Il or phase III
trials. Traditionally, each dose or indication is tested separately in a single trial, resulting in multiple protocols and multiple trials.

MUCE is a new Bayesian solution for cohort expansion trials or the master protecol trials, in which multiple dose(s) and multiple indication(s) are expanded in parallel. It's built
on Bayesian hierarchical models with multiplicity control (BHM-MC) to adaptively borrow information across patient groups to achieve three major goals:

1. Increase the power (probability of selecting a promising drug for further development) for drug development
2. Reduce sample size
3. Control the type | error rate (probability of selecting an unpremising drug for further development)

MUCE Solution

As a comprehensive statistical solution, MUCE can be used to calculate the sample size or power, and to conduct interim and final data analyses for making critical decisions.

For sample size/power calculation, MUCE requires inputs of type | error, power/sample size, reference rate (historical control rate) and target rate for each arm. For data
analysis, MUCE requires inputs of reference rate, number of responders and patients enrolled at the time of interim analysis or final analysis

These can be applied in any clinical trials with 2 or more arms, including:

* Phase 1b trials with multiple expansion cohorts
* Phase 2 trials with multiple arms
s Master protocols including basket, umbrella, and platform trials

MUCE Benefits

Compared to the Simon's two-stage design and existing other designs for multiple expansion cohort trials (eg. Berry’'s BHM [1], etc.), MUCE could contral the family-wised type 1
error rate and maintain pewer with a smaller sample size.

Figure 5.1: Overview of the Multiple Cohort Expansion module.
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5.2.2 Case Study

The Case Study tab lists three real-world cases that apply MUCE (Figure 5.2). In each case study,
MUCE is demonstrated to have superior operating characteristics in terms of reducing sample size
and controlling the type I error rate (probability of selecting an unpromising drug for further devel-
opment). Click “Learn More” button in each case box to open and download a PDF file with the

detailed descriptions of the case study.

MUCE (MUltiple Cohort Expansion) User Manual
Introduction Case Study Quick Demo Data Analysis
Below real world trials based case studies illustrate how MUCE can

« Reduce sample size
= Control the type | error rate (probability of selecting an unpromising drug for further development)

& An expansion cohort trial in China & An expansion cohort trial in USA & An expansion cohort trial in China
» 3arms: 1 dose and 3 indications » 3arms: 1dose and 3 indications s 2arms: 1 dose and 2 indications
+ Each arm with different reference rate « Each arm with same reference rate and « Each arm with different reference rate
and target rate target rate and target rate
# Comparison of three designs # Comparison of three designs # Comparison of three designs
* MUCE +« MUCE « MUCE
+ Simon's 2-stage design « Simon's 2-stage design « Simon's 2-stage design
= A Bayesian Hierarchical Model (BHM) « A Bayesian Hierarchical Model (BHM) « A Bayesian Hierarchical Model (BHM)
design design design
# MUCE Benefit & MUCE Benefit & MUCE Benefit
» save up to 51.52% sample size, « save up to 16.67% sample size, « save up to 37.88% sample size,
compared to Simon's 2-stage design compared to Simon's 2-stage design compared to Simon's 2-stage design
Learn More Learn More Learn More

Figure 5.2: Three real world case studies in the Multiple Cohort Expansion module.
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5.2.3 Quick Demo

This is a demo of the sample size calculation function of the MUCE module on East Bayes. In this
demo, all dose-indication arms are assumed to have the same reference response rates and target
response rates, therefore all arms should have the same sample size, if the type I error rates and
powers are also prespecified the same across all arms. It is a simplified situation and upon these
assumption, the sample size of each arm can be easily found through a numerical search algorithm,
such as the binary search algorithm. In this quick demo, only limited values are allowed for some

input parameters. All limits will be removed in the full version of MUCE module.

5.2.3.0.1 Setup Select the number of doses (ng4.s¢) and the number of indications (n;,q) from
dropdown boxes, resulting in a total of ngyse X 1,4 dose-indication arms for MUCE designs. Then
specify the reference response rate (historical control rate) for each indication (12, y) and the target
response rate for each arm (244,¢¢t). Hover mouse over each trial parameter, and a description will
be displayed explaining the meaning of the parameter (Figure 5.3). The detailed explanation of the
above four input arguments and their limited values allowed to be selected are provided in Table 5.1.
Upon selection, click the “Submit” button to calculate the sample size for each arm using MUCE

design to reach the desired type I error rate (o) and power (Figure 5.3).

MUCE (MUltiple Cohort Expansion) User Manual
roduction Case Study Quick Demo Data Analysis
* Thisis ademo of the sample size calculation function of the MUCE module on East BAYES. It allows limited values for some input parameters. All limits will be removed in the full version of MUCE module.

* The full version of MUCE module will include two additional functions - 1. a function to calculate the power; 2. a function to conduct interim and final trial data analysis, supporting critical decision making,
+ We are working hard to release the full version of MUCE module to East BAYES ASAP.

The number of simulations to run for each scenarioc: Ngjm = 1000
Type | error rate for each arm: a=0.05
Power foreach arm (1 - type |l error rate): power=0.8
Number of Doses: 1 s
Number of Indications: 2 s
Reference response rate (historical control rate) for each indication: 0.1 s
Target response rate for each arm: 02 N

Figure 5.3: Set trial parameters in the Quick Demo of the Multiple Cohort Expansion module.
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Table 5.1: Input trial parameters in the Quick Demo of the Multiple Cohort Expansion module.

Notation | Parameters Description
Nsim Number of | The number of simulated trials to be conducted for each scenario.
simulated trials | In this quick demo, it is fixed at 1,000.
a Type 1 error | The probability of rejecting null when the null hypothesis is true.
rate In this quick demo, it is fixed at 0.05.
power Power power= 1— (3, where (3 is the type Il error rate, i.e., the probability
of rejecting null when the alternative hypothesis is true. In this
quick demo, it is fixed at 0.8.
Ndose Number of | The number of doses evaluated in the trial. Two values are avail-
doses able for selection In this quick demo, ngys. € {1,2}.
Nind Number of in- | The number of indications expanded in the trial. Two values are
dications available for selection In this quick demo, n;,,q € {2, 3}.
R.cr Reference The reference response rate (also called the historical control rate)
response rate is the largest rate considered to be not promising. Three values are
available for selection In this quick demo, R,.; € {0.1,0.2,0.3}.
Riarget Target response | The target response rate is the smallest rate considered to be
rate (Ryqrget > | promising. Three values are available for selection in this ver-
Ryep) sion,In this quick demo, Ryqrger € {0.2,0.3,0.4}.
5.2.3.0.2 Results The results are displayed in two parts (Figure 5.4):

1. Sample size of MUCE and its comparison with that of Simon’s two-stage design.

o First line lists the values of seven trial parameters in Table 5.1 specified above.

e A table gives the sample size suggested for MUCE design, to reach the desired type I

error and power, using the Simon’s two-stage design as benchmark.

o A description of sample size justification in protocol language.

2. Sample size searching process based on the binary search algorithm.

o A table lists all the sample size that have been tried in an ascending order, and their

corresponding calculated type I error rates and powers.

e The minimum sample size that reaches the desired type I error rate and power is selected

and highlighted in orange background.
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Summary of Performance

Ngim=1000 @=0.05 pPOWEr=0.8 Ngose=1

Comparison of sample sizes required for Simon’s 2-Stage and MUCE

sample size Type l error
Design i1/d1 2/d1 i1/d1
Simon's 2-satge 82 82 0.05
MUCE 67 67 0.045

* The index for each arm i, / dm represents the cohort in the nath indication with mth dose level.

e above table shows MUCE can save up to 18.3 % sample size, compared to Simoi

patients, the MUCE design can save up to 18.3 % sample size.
Note:

size of first stage, N is the total sample size, and PET is the probability of early termination due to futility.
2. The global null scenario is the case where all arms are not promising with the response rates equal to 0.1.
3. The global alternative scenario is the case where all arms are promising with the response rates equal to 0.2.
4. We select the minimum sample size required to maintain an averaged power of 0.8 and type | error of 0.05 for each arm.

Below table illustrates the process of searching the optimal sample size for MUCE

Samplesize Type | error

i1/d1 i2/d1 i1/d1 i2/d1
66 66 0.046 0.032
67 67 0.045 0.037
68 68 0.043 0.037
70 70 0.046 0.032
74 74 0.042 0.034
82 82 0.041 0.036

* The row with [} background color is recommended by MUCE

We offer consulting service to create or customize MUCE designs and conduct MUCE data analysis. Please email us to inquire about it.

i2/d1

0.037

The MUCE design is used to calculate the sample size for the cohort expansion trial, in which 1 doses and 2 indications, a total of 2 arms, are expanded in parallel. The MUCE design requires a sample size of
67 for each arm to maintain a type | error rate of 0.05 and power of 0.8, given a reference response rate of 0.1 and target response rate of 0.2. Compared to the Simon’s 2-stage design, which needs 82

1. The sample size of Simon’s two-stage design is the expected sample size, which incorporates the futility stopping in the first stage. It could be calculated by N1*PET+N*(1-PET), where N1 is the sample

Power

i1/d1

0.797

0.837

0.867

Power

i1/d1 i2/d1

0.8 0.8

0.804 0.799

i2/d1

0.786

0.799

0.801

0.821

0.837

0.875

Figure 5.4: MUCE sample size calculation results in the Quick Demo of the Multiple Cohort

Expansion module.
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5.2.4 Data Analysis

The data analysis includes response rates estimation, Bayesian hypothesis tests, and optimal selec-

tion of treatment arms, for interim or final analyses, all based on the MUCE design.

5.24.0.1 Setup In the Step 1, select numbers of doses and indications (ng4ese € {1,2,3,4,5}
and n;,q € {1,2,...,20}) from the drop-down boxes, respectively. Upon selection, an input table
of the observation data will be automatically generated below the Step 2. And users could man-
ually type in the reference response rate (R,.s) for each indication, and the observed numbers of
responses and patients for each dose-indication arm. See 5.5 for illustration. Click the “Submit”

button to launch the analysis.

MUCE (MUltiple Cohort Expansion) User Manual
ction CaseStudy  Quick Demo Data Analysis
The data analysis includes response rates estimation, Bayesian hypothesis tests, and optimal selection of treatment arms, all based on the MUCE design.

Step 1: Select a number of doses and indications respectively
Ngose

Number of Doses: 1 $

Number of Indications: 5 s

Step 2: Input the observation data

* Input the reference response rate (R,f) for each indication
* Input number of responses and patients for each arm,| Number of responses |/| Number of patients |

R Dose 1
Indication 1 0.2 Arm-1: 2 / 6
Indication 2 0.3 Arm-2: 2 / 4
Indication 3 0.2 Arm-3! 1 / 5
Indication 4 0.25 Arm-4: 3 / 5
Indication 5 0.2 Arm-5: 2 / 4

Figure 5.5: Set parameters in the Data Analysis of the Multiple Cohort Expansion module.

229



Cytel

Module 5. Multiple Cohort Expansion

5.2.4.0.2 Results The analysis results are displayed in tables (Figure 5.6).

o The first three columns demonstrate the label-name, and the indexes of dose level and indica-
tion, for each arm, respectively.

e The next two columns demonstrate the inputted reference response rate (R,..y), the observed
numbers of responds and patients (r/n), for each arm, respectively. Also, the response rate
of each arm is calculated in ratio.

o The last four columns demonstrate the data analysis results based on the MUCE design, in-
cluding

— Py, Posterior probability of the alternative hypothesis that the true response rate is
larger than the reference response rate. If Py, is large enough, such as Py, > 0.95,
this arm is selected for further investigation (The arm with orange background color);
otherwise, it is not selected.

— Pirean: Estimated posterior mean of response rate for each arm.

— Piower and Pypper: The lower and upper boundaries of the interval of the response rate
for each arm based on MUCE.

Result table
lindication r 1/n (ratio)
Arm-1 1 1 02 2/6=033 0.9 036 0.08 0.65
2 Arm-2 1 2 0.3 2/4=05 0.52 0.52 0.2 09
Am-3 1 3 02 1/5=02 0.79 0.29 0.02 057
4 Arm-4 1 4 0.25 3/5=06 0.97 0.57 0.25 09
5 Arm-5 1 5 0.2 2/4=05 0.96 0.47 0.19 0.86

Note:

¢ If Pyyy is large enough, such as Py; > 0.95, this arm is selected for future trial considerations (The arm with || background color); otherwise, itis not selected.
s Hover the mouse over the table header to see the description of each column.

e Arm:MName of each arm

@ |gose: The index of dose level

® lindication : The index of indication

© Rygr: The reference response rate for each indication

°

r/n (ratio) : Number of responses / Number of patients (Response rate)

°

Py1 : posterior probability of the alternative hypothesis that the true response rate is larger than the reference rate
P mean : Estimated posterior mean of response rate for eacharm

Plower : The lower bound of the credible interval of the response rate for each arm based on MUCE

o o o

Pupper : The upper bound of the credible interval of the response rate for each arm based en MUCE

Figure 5.6: Results in the Data Analysis of the Multiple Cohort Expansion module.
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5.3 Statistical Methods Review

5.3.1 Multiple Cohort Expansion (MUCE) Method

The multiple cohort expansion (MUCE) (Lyu et al., 2020) approach was proposed as a design
or analysis method for phase 1b multiple expansion cohort trials, which investigate one or more
doses of a new investigational drug in patients from with different indications (cancer types and/or
biomarker status). The MUCE design is based on a class of Bayesian hierarchical models that adap-
tively borrow information across different dose-indication arms. Statistical inference is directly
based on the posterior probability of each arm being efficacious, facilitating the decision making

that decides which arm to select for further testing.

5.3.1.1 Probability Model

Consider a phase Ib trial that evaluates J different dose levels of a new drug in I different indica-
tions. Let (4, j) denote the cohort arm for indication 7 and dose level j,i =1,...,1,j=1,...,J.
The total number of arms is ' = I x J. Suppose n;; patients have been treated in arm (3, j),
and y;; of them are responders. Let p;; denote the true and unknown response rate for the arm
(,7). We assume y;; follows a binomial distribution conditional on n;; and p;j, yi; | nij, pij ~
Binomial(nj, p;;). Whether dose level j is effective for indication ¢ can be examined by the fol-

lowing hypothesis test:
Ho;j: pij < mig  versus  Hiy ;@ pij > mo, (5.1)

where 79 is the reference response rate for indication .

We perform the hypothesis test (15.6) under a formal Bayesian testing framework. Let A;; be
a binary and random indicator of the hypothesis, such that \;; = 0 (or 1) represents that hypothesis
Hy;; (or Hy ;) is true. Firstly, a prior model for p;; is built under each hypothesis. Let 0;; =
log (%) denote the log-odds of the response rate. The null hypothesis p;; < ;0 is equivalent
to 0;; < 0,0, and the alternative hypothesis is equivalent to 6;; > 0,9, where 0,0 = log (%)
Conditional on \;;, MUCE assume

Hz‘j ‘ /\ij =0~ Trunc-Cauchy(Gio,’y; (—OO, 01‘0]),
eij ‘ )\z‘j =1~ Trunc-Cauchy(Gio,fy; (91'0, OO)),

where Trunc-Cauchy(6,y; A) denotes a Cauchy distribution with location § and scale ~ truncated

to interval A.
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Secondly, prior models for the probabilities of the hypotheses, Pr();; = 1) and Pr(\;; = 0),
are constructed. To borrow strength across dose levels and indications, we construct a hierarchical
prior model for \;;. A natural and conventional Bayesian approach is to impose a common prior for
the probability of {\;; = 1}, which shrinks the probabilities to a common value. To better exploit
the data structure in multiple expansion cohort trials, we propose to differentiate the borrowing
strength from two factors: dose and indication. To better exploit the data structure in multiple
expansion cohort trials, we propose to differentiate the borrowing strength from two factors: dose
and indication. For example, two arms with the same indication or dose might exhibit more similar
treatment effects than two arms with different indications and doses. To achieve this, we use a probit
model as the prior model for \;;. Let Z;; be a latent random variable, and \;; = I(Z;; < 0), where

I(-) is an indicator function. We model
Zij ~ N(& +1j,05).

Here, E(Z;;) = & + n;, in which &; characterizes the effect of indication 7 and 7; of dose j. The

indication-specific effects and dose-specific effects are then separately modeled by common priors,
iid 9 iid 9
gi ’ 50705 N (5070-5)7 and 77] ’ 770707] N (7707077)-
Lastly, we put hyperpriors on &y and 79, o ~ N (f1¢, 0?0) and 19 ~ N (fiy,, O'%O).

In brief, the entire hierarchical models are summarized in the following equations:

Likelihood: Yij | nij, pij ~ Binomial(nij, pij);
Transformation: 0ij = logit(pi;), 0io = logit(mio);
Prior for (0;; | A\ij): 0ij | Aij = 0 ~ Trunc-Cauchy (6o, v; (—00, 8i0]),

Gij | )\z’j =1~ Trunc—Cauchy(Q,;o,fy; (91'0, OO)),

, 0, ifZ; <0,
Prior for A;;: Aij = 5.2)
1, if Zl'j > 0;
Latent probit regression: Zij | &, mj, o2 ~ N(& + nj, 0d);

Indication-specific effects: & | o, 02 ~ N(&o, ag);
Dose-specific effects: nj | Mo, 02 ~ N(no, ag);
Hyperpriors: &0 | teo» 08, ~ N(pugy, 02,)),
10 | Hngs Oy ~ Nlbing, o, )-
In East Bayes, the values of the hyperparameters v = 2.5, pg, = 0, piy, = 0, 0(2] =1, ag =1,

2:

Ty

1, ago =1and a%o = 1 are used by default.
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5.3.1.2 Trial Design

Suppose L(> 0) interim looks are planned, and the [-th interim analysis is conducted after néj
patients have been enrolled in arm k. Let D! = {(nij,yf]) 1= 1,2,...,0;5 = 1,2,...,J}
denote the observed data at interim analysis [, where yf ; 1s the number of responders among the ni j
patients. Denote DL+ = {(n.L-H,yiLjH) ci=1,2,...,1;j = 1,2,...,J} the observed data at

ij
iLjH is the prespecified maximum sample size for arm (i, j) and yiLjJr1

is the total number of responders. The proposed MUCE design with L interim looks is describe as

the end of the trial, where n

follows:

1. Enroll n}j patients in (¢, j)-tharm,i =1,2,..., 1,7 =1,2,...,J.
2. Given the data D' at the [-th interim look, [ = 1,2,..., L,

(a) [Futility stopping] If the posterior probability that the hypothesis of arm (3, j), Hj ;5, is

true (i.e., A\;; = 1) is small, i.e.,
_ U !
Py, = Pr{X\ij = 1| D'} < Phuitity,

stop the accrual to the k-th arm for futility;
(b) [Efficacy stopping] If the posterior probability that the hypothesis of arm (3, j), Hy 45, is

true (i.e., \;; = 1) is large, i.e.,
_ A l )
Py, = Pr{X\ij = 1| D'} < Peficacy,

stop the accrual to the k-th arm for efficacy;

(c) Otherwise, continue to enroll patients until reaching the next interim analysis.

3. Once the maximum sample size is reached or all the arms have stopped, evaluate the efficacy
for each arm based on all the observed data. If the posterior probability that that the hypothesis

of arm k, Hy ;;, is true (i.e., A;; = 1) is large, i.e.,
Py, = PriXy = 1| D"} > ¢y,

arm (i, 7) is declared efficacious and promising; otherwise, it is considered not promising.
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6. Subgroup Enrichment and Subgroup
Analysis (SCUBA)

6.1 Introduction

Patient heterogeneity is common across many diseases, for an example in the cancer therapeutic
area see Catenacci (2015). Inter-tumor heterogeneity refers to differences in the basic biology, de-
velopment, and response to a treatment across different tumors. Different from one-size-fits-all
approaches such as the traditional chemo or radiation therapies, precision medicine treats sub-
groups of patients with targeted therapies based on the heterogeneity in their molecular profiles
and baseline characteristics. Some molecularly targeted medications have been successfully devel-
oped for subgroups of patients. For example, trastuzumab induces better response in breast cancer
patients with over-expressed HER2 than those who do not over-express this growth factor. The
pairing of specific treatment (trastuzumab) to subgroup of patients (HER2+ breast cancer) with an
identifiable biomarker is a simple example of precision medicine applied to produce better patient
outcomes. Increasing efforts to identify more biomarker-drug pairs is an active area of on-going
research (Mullard, 2015).

Only a few dozen subgroup treatment pairs (STPs) like (HER2+ breast cancer, Trastuzumab)
have been discovered and marketed for cancer care. Many more effective STPs are yet to be iden-
tified, partly due to lack of statistical methods for subgroup discovery and analysis. Early work in
Simon and Maitournam (2004) and Maitournam and Simon (2005) include theoretical discussions
of the efficiency and sample size of targeted trials compared to randomized clinical trials (RCT).
Sargent et al. (2005) presented a biomarker-by-treatment interaction design and biomarker-based-
strategy design, where the former was an extension of RCT with biomarkers as stratification, and
the latter used the biomarker as the identifier of whether to use a particular treatment. Freidlin et al.

(2010) compared different biomarker-RCT schemes. All of these methods assume that a fixed num-
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ber of prespecified subgroups is available, and test if treatments would exhibit varying therapeutic
effects on different subgroups. There is no notion of learning new subgroups as all subgroups are
predetermined. This could be problematic if predefined subgroups are not predictive of outcomes
or treatment selection. An example is the BATTLE trial (Kim et al., 2011). BATTLE is a pioneer-
ing study to test treatment and biomarker interactions using a fixed-subgroup design. The design
prespecified five subgroups based on eleven selected biomarkers, and randomized patients within
each subgroup to different treatments using response-adaptive randomization. Kim et al. (2011)
concluded that the biomarker groups used in BATTLE were less predictive than were individual

biomarkers, making them clinically less appealing.

In light of the lessons learned from previous studies, the field has shifted to methods that allow
new subgroups to be discovered during and after the clinical trial. Sivaganesan et al. (2011) cast
the subgroup identification problem as a model selection problem among different partition models.
Ruberg et al. (2010), Foster et al. (2011), and Lipkovich et al. (2011) conducted subgroup analysis
by looking for regions in covariate space that have significantly different response rates compared
to the average response rate. Zhao et al. (2013) presented a scoring function of multiple baseline
covariates to estimate subject-specific treatment differences, based on a working response-covariate
model. Berger et al. (2014) proposed a Bayesian model selection approach based on random trees
for subgroup identification, in which a continuous response variable and binary covariates are con-
sidered. Shen and He (2015) proposed a confirmatory statistical test for the existence of subgroups
by using a structured logistic-normal mixture model. Green and Kern (2012) used Bayesian additive
regression trees (BART) (Chipman et al., 2010) to identify treatment effect heterogeneity among dif-
ferent subgroups. Lastly, Xu et al. (2016) proposed a subgroup enrichment design, SUBA, aiming to
allocate patients to subgroup-specific treatments. Their approach uses a tree-type of random cluster-

ing model that splits the biomarker space using the median of observed values for each biomarker.

Here, we describe a module in East Bayes, Subgroup Enrichment and Analysis, which
performs trial simulation to examine the operating characteristics of the subgroup cluster-based
Bayesian adaptive (SCUBA) design (Guo et al., 2017a). The SCUBA design is applicable to phase
II randomized and controlled trials with one or more treatment arm and a common control arm.
Baseline continuous biomarkers are measured for each patient, based on which subgroups will be
estimated. The main problem SCUBA solves is to identify proper subgroups defined as patients
whose biomarker values fall into specific ranges. SCUBA can be used as an enrichment design
that allows patients to be enrolled in predicted optimal treatment arm or a data analysis method

that estimates subgroups of patients at the end of the trial. SCUBA, as a design, consists of two
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stages, the run-in stage, and the adaptive stage. During the run-in stage, patients are randomized
with fixed ratios between the treatment arms and control; and during the adaptive stage, patients are
either assigned to the predicted best treatment arm or adaptively randomized based on the predictive
probability of response for each treatment.

§6.2 introduces the user interface and a tutorial on launching trial simulations and examining

results. Statistical details of the SCUBA design are provided in §6.3.

6.2 User Interface and Tutorial

6.2.1 Overview

Entering the Subgroup Enrichment and Analysis — SCUBA page, users will see two main tabs:
Simulation Setup and Simulation Results. The first tab allows users to conduct simulations and
the second to visualize/download simulation results. In the Simulation Setup tab, there are three
steps (Figure 6.1): 1) Set trial parameters, 2) Select designs, and 3) Generate scenarios. Upon
completing steps 1-3, click the “Launch Simulation” button at the bottom of the page to begin the
simulation using the current parameters, or click the “Reset” to clear all settings and enter new
parameters. After the simulation completes, the results will be displayed in the Simulation Results
tab. Step-by-step instructions are shown in §6.2.2-§6.2.3. Depending on the number of trials to be

simulated, the simulation may take minutes to hours to complete.
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Subgroup Enrichment and Analysis @ User Manusl
Simulation Setup ~ Simulation Results
- . Ny
Step 1: Set trial parameters @
n e 5
: B 03
Ruced i e b
32432 10 15000 5000 20
Apply
. v
rStep 2: Select designs A
scusa @
n Neun n, P:
480 240 120 0.8
Apply Delete
. ”
rStepB: Generate scenarios A
Auto Generation Manual Construction
Generate
., v
Launch Simulation [EREY

Figure 6.1: Simulation Setup in the Subgroup Enrichment and Analysis—SCUBA module.
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6.2.2 Simulation Setup

In the Subgroup Enrichment and Analysis module, Cytel currently offers only the SCUBA de-
sign type. When hovering over the question mark icons a description of parameters used in a
section is displayed. If there are parameters you would like to change which are not currently
accessible, or designs you would like to see added to this module please contact us by emailing
support@cytel.com. More designs and methods for subgroup enrichment and analysis will be

added in the future.

6.2.2.1 Step 1: Set trial parameters

Recall that SCUBA is applicable to randomized and controlled phase II trials with potentially more
than one treatment arms and a single control arm. First select the number of treatments (n;) and
number of biomarkers (n;). Then specify the response rate of the control arm (pg), simulation seed
value (Rgeeq), number of MCMC iterations (npscnrc), etc. See Figure 6.2. A detailed explanation
of these input arguments is provided in Table 6.1.

Click the “Apply” button in Figure 6.2 to confirm the trial parameters. The “Apply” button

changes to “Edit” and can be clicked to change trial parameters as needed.

Subgroup Enrichment and Ana n, :The number of treatments

. . . ) ng : The number of biomarkers
Simulation Setup Simulation Result
po : The response rate of control arm
Nsim * The number of simulations
. . Reeeq : Simulation Seed Value
Step 1: Set trial parameters @ Nyeme - The number of MCMC iterations
Npyrm * The number of burned MCMC

" iterations

2 - a Nepin © Only each nyy, iteration of MCMC
retained
Raced i NucMe Nburn Nithin
32432 10 15000 5000 20

Apply

Figure 6.2: Set trial parameters in the Subgroup Enrichment and Analysis module.
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Table 6.1: The input parameters for a trial in the Subgroup Enrichment and Analysis module.

Notation Parameters Description

ny The number of | The number of treatments in the trial. The range is [1, 3].
treatments

np The number of | The number of treatments in the trial. The range is [1, 2].
biomarkers

Do The response rate | The assumed response rate of the control arm. In SCUBA,
of control arm a control arm is assumed to be present by default. Re-

sponses of the patients allocated to the control will be sam-
pled from a binomial distribution with probability pg. The
default value is 0.3.

Nsim The number of sim- | The maximum number of simulations allowed is 1000. The
ulations default value is 10.

Rgeeq Simulation  seed | A number used to initialize a pseudorandom number gen-
value erator in the simulation. The default value is 32432.

NMCOMC The number of | The maximum number of MCMC iterations allowed is
MCMC iterations 15,000. The default value is 15,000.

Nburn The number of | The number of initial MCMC iterations npyr, (<
burned MCMC | naronre) which are discarded. The default value is 5000.
iterations

Nthin

The thinning num-
ber of MCMC

After the burn-in, only each n;;,, iteration of MCMC iter-

ations is retained. The default value is 20.
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6.2.2.2 Step 2: Select designs

Click the “SCUBA” design button to select it. Enter the desired design parameters in their respecc-

tive entry fields. For a detailed parameter description list see in Table 6.2.

Step 2: Select decirne
n : The total number of patients
Nyyn © The number of patients at run-in
phase
Neohort © The number of patients in a

SCUBA @ cohort at adaptive phase
ps : A desired confidence for selecting
.., the best treatment
map : The method of allocating patients ¢, o4 winning
480 . cTEeE =
at adaptive phase
Apply Delete

Figure 6.3: Select designs in the Subgroup Enrichment and Analysis module.

Table 6.2: Input parameters for designs in the Subgroup Enrichment and Analysis module.

Notation Parameters Description

n The total number of | The total number of patients to be treated in the trial. The
patients range is [100, 1000] and the default value is 480.

Nprun The number of pa- | The patients in the run-in phase are randomized equally to
tients in the run-in | n; treatments and the control arm. Range is [n/2,n — 1]
phase and default value is 240.

Necohort The number of pa- | The patients in the adaptive phase are assigned in cohorts.
tients in a cohort in | The range is [10, 7 — nyyy] and the default value is 120. In
the adaptive phase | East Bayes, we set a limit of the number of interim analysis

to 4, 50 (M — Nyun)/Neonort sShould be less than or equal to
4.

Ds A desired confi-
dence for selecting A threshold for selecting the best treatment based posterior
the best treatment probability. The range is (0,1) and the default value is 0.8.

map The method of al- | There are two methods in East Bayes, “Choosing the Win-
locating patients in | ner ” and “Adaptive Randomization”. See details of patient
the adaptive phase | allocation in §6.3.1.3.
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6.2.2.3 Step 3: Generate scenarios

There are two ways to generate scenarios, automatically (see Figure 6.4) or through manual con-
struction (see Figure 6.5). In East Bayes, we assume the true response rate is associated with
biomarker values based on a probit regression (6.1). Let 6; be the true response rate for patient j

under one treatment. We assume:
2 2
0; = ®o,1(a11751 + a12Tj2 + a1 Ty + a2y + biazj1742), (6.1)

where xj; and xj> denote the values of two biomarkers for patient j, and ®¢ ;(z) is the cumu-
lative distribution function (CDF) of a standard Gaussian distribution evaluated at point z. For
each treatment within each scenario, there are coefficients which need to be specified. For a single

biomarker there will be 2 coefficients (a1, a1), while for 2 biomarkers there will be 5 coefficients

(@11, a12, az1, age, b12).

Auto Generation (Figure 6.4)
Upon clicking the “Generate” button, two scenarios will be created automatically, each of which
contains the true coefficients of biomarkers or the interaction between biomarkers. These generated

scenarios are displayed under different tabs.

Step 3: Generate scenarios

Auto Generation Manual Construction

Generate

Scenario 1 x Scenario 2 x

Treatment ay 2 a1 az by,

1 1 1.5 0 0 0

2 i 0 0 0 0
Draw

SCUBA simulations are computationally intensive. If n,, =100, the simulation job you have specified may take hours to complete. Only one SCUBA simulation job may be
submitted at a time. Do you wish to proceed? If so, click the launch button below. If ng, >=100, an e-mail will be sent when your job is completed.

Launch Simulation Reset.

Figure 6.4: Automatically generate scenarios in the Subgroup Enrichment and Analysis module.
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Manual Construction (Figure 6.5)

Manually input coefficients for each treatment, then click the “Add” button to create these scenarios.

Step 3: Generate scenarios
Auto Generation Manual Construction

Treatment

Add

SCUBA simulations are computationally intensive. If n ,, =100, the simulation job you have specified may take hours to complete. Only one SCUBA simulation job may be
submitted at a time. Do you wish to proceed? If so, click the launch button below. If n,,, =100, an e-mail will be sent when your job is completed.

Launch Simulation Reset

Figure 6.5: Manually generate scenarios in the Subgroup Enrichment and Analysis module.

The generated scenarios are displayed under different tabs (Figures 6.4 and 6.5) which appears
below the generation section. For each scenario, click “Draw” to visually display the shape of true
response rate versus biomarker(s) under each treatment (Figure 6.6). In Figure 6.6, the x-axis and
y-axis represent the values of biomarker 1 and 2, respectively, and the color represents the true
response rate. The darker the color, the larger the true response rate.

Once scenarios are generated, click the “Launch Simulation” button at the bottom of the page to

run ng;,,, (setin step 1) simulations, for each scenario and selected design (set in step 2) combination.
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True Response Rate of Treatment 1

Biomarker 2 (x2)

0.95
0.85
0.75
0.65
0.55
0.45
0.35
0.25
0.15
0.05

-0.05

0.15

-0.25

035

045

055

065

075

-0.85

095

0.99

0.01

-095 -0.45 -055 -0.35 -0.15 005 0.25

Biomarker 1 (x1)

Figure 6.6: An example of the shape of true response rate versus two biomarkers under one treat-

ment in the Subgroup Enrichment and Analysis module.
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6.2.2.4 Launch Simulation

Once the steps 1-3 are completed, click the “Launch Simulation” button at the bottom of Simulation
Setup tab (Figures 6.4 and 6.5) to submit the job. A “Success” message will be displayed as in
Figure 6.7 to indicate the simulation has been successfully launched. Users may click the “Ok”
button in the pop-up box to proceed to Simulation Results tab and track the simulation processing
status and simulation results.

The simulations of this module are computationally intensive. If ng;,, > 100, the simulation
may take hours to complete and an e-mail will be sent to users when the simulation is finished. Only

one SCUBA simulation job may be submitted at a time by a user.

Success

Launch Successful, Proceed To Simulation Results

Figure 6.7: “Success” message after launching simulation in the Subgroup Enrichment and Anal-

ysis module.
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6.2.3 Simulation Results

The Simulation Results tab is primarily used for viewing the simulation jobs and simulation results
(§6.2.3.1), restoring simulation settings to make variations in a simulation set as needed (§6.2.3.2),
and for downloading simulation reports (§6.2.3.3). Simulation results (figures and tables) can be
downloaded in Word format, with accompanying statistical sections in a trial protocol. Hereinafter,

we use simulation results and operating characteristics interchangeably.

6.2.3.1 View simulation results

Once simulations are completed, a message appears in the Running Simulations panel, and the
simulation results are automatically loaded into the Simulation History panel (Figure 6.8), a mail
icon &4 is used to indicate new results which have not been viewed. The duration displayed de-
pends on the availability of computing resources, and includes the waiting time after submitting the
simulation.

Simulation results for other modules can be viewed by using the “Select a Design Category”

drop-down box (Figure 6.8).

Subgroup Enrichment and Analysis ® User Manual

Simulation Setup Simulation Results

Simulation History

@

Select a Design Category:  Subgroup Enrichment and Analysis

C: Single-Agent Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, R: Single-Agent Dose-Finding Design with Toxicity Endpeint and Relling Enrollment, T:
Single-Agent Dose-Finding Design with Efficacy & Toxicity Endpoints and Cohort Enrollment, D: Dual-Agents Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment,
B: Basket-Trial Design,S: Subgroup Enrichment and Analysis

Click the button to display simulation results.

Clickthe ) button to import simulation settings into the Simulation Setup tab.

Clickthe T button to delete simulation results.

Clickthe F button to download a report of simulation results in word or zip file that includes a protocol template with a statistical section incorporating simulation

results.
Type Launch Time Duration Designs Labels # Scenarios Actions Version
2021-08-14 — EB
00:01:16 =&  SCUBA 74 2 [+] S
04:58:38 @ 0 o & 1.0.0

Figure 6.8: Simulation Results in the Subgroup Enrichment and Analysis module.

Click the button to expand the pane and view simulation results (Figure 6.9). The design
settings are displayed at the top of each simulation study (Figure 6.9) followed by the results in both
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tabular and graphical form.

If a set of simulation is no longer needed, click the (&) button to delete the selected simulation

results. There is no un-delete option.

Type Launch Time Duration Designs Labels # Scenarios Actions Version

2021-06-14 = £B

s 00:01:18 SCUBA Z 2 + 3
07:03:23 E a5 @ 1.0.0
2021-06-14 - £8

s 00:01:16 SCUBA 4 2 3
04:58:38 E | 5@ 1.0.0

Simulation Inputs:
Trial Params: nam=10 R...s= 32432 n=2 ny=2 p=0.3 Mucne= 15000 Nbyn= 5000 Ain=20

Design 1 (SCUBA): n=480 Neohor= 120 Npun= 240 p.=0.8

Simulation Outputs:
Scenario 1

Treatment 1: 8, =g 1 (1 "% +1.5 " %)
Treatment 2: B, = dg 4 (-1 " %)

True Subgroup for each treatment

Treatment 1 Treatment 2

Biomarker 2 (x2) Biomarker 2 (x2)

0.85
0.65
0.45

0.25

Figure 6.9: View the simulation results in the Subgroup Enrichment and Analysis module.

Details of the Simulation Results

Simulation results are presented and arranged by scenarios. There are four sections of simula-
tion result for each scenario:
A. True subgroups for each treatment. (Figure 6.10).
B. Estimated subgroups for each treatment. (Figure 6.11).
C. Table of STP-FDR. (Figure 6.12).
D. Table of Patient Allocation. (Figure 6.13).
A. True Subgroup for each treatment.
These plots shows the true STPs for each arm. The red color represents the true subgroup in
which patients have a higher response rate under the treatment or control arm than all other arms.
The red pixel is labeled “W” meaning “Winner”. The white (blank) region denotes that the arm is

not the winner.
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True Subgroup for each treatment

Biomarker 2 (x2)

0.85

0.65

Biomarker 2 (x2)

-0.95 -0.65

Treatment 1

-0.35 -0.05 0.25
Biomarker 1 (x1)

Control

Treatment 2

Biomarker 2 (x2)

005 025
Biomarker 1 (x1)

-0.95 -0.65 -0.35

-0.35 -0.05 025
Biomarker 1 (x1)

0.55 0.85

0.35

0.85

W
-

Figure 6.10: True Subgroup for each treatment in the Subgroup Enrichment and Analysis

module.
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B. Estimated Subgroup for each treatment.

These plots show estimated subgroups with the red color representing the frequency of sim-

ulated trials in which the arm is selected as the winner in the subgroup. The darker the color, the

larger the probability.

Estimated Subgroup for each treatment

Treatment 1

Biomarker 2 (x2)

-095 -065 -0.35 -0.05 025 055
Biomarker 1 (x1)

Control

095 -0.65 -0.35 -005 025 055
Biomarker 1 (x1)

Treatment 2

Biomarker 2 (x2)

-0.65 -0.35 -0.05 025
Biomarker 1 (x1)

0.00

Figure 6.11: Estimated Subgroup for each treatment in the Subgroup Enrichment and Analy-

sis module.
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C. Table of STP-FDR.

Defining the STP false discovery rate (STP-FDR) as the fraction of the grid points (pixels) that
report the wrong winning arm or are outside the true subgroups among estimated STPs, East Bayes
reports the mean and standard deviation of STP-FDRs across all the simulated trials. See §6.3.1.4
for details of STP and STP-FDR.

Table of STP-FDR

Treatment 1 Treatment 2 Control Total

0.012 (0.038) 0.001 (0.004) 0(0) 0.006 (0.014)

Figure 6.12: Table of STP-FDR in the Subgroup Enrichment and Analysis module.

D. Table of Patient Allocation.

According to the simulation truth, SCUBA denotes S, a subset of the biomarker space, as the
true subgroup in the biomarker space in which patients have a higher response rate under arm ¢ than
all the other arms. In other words, S; is the true optimal subgroup for treatment ¢, while Sy denotes

the true optimal subgroup for control. The larger the number of patients in S; assigned to arm ¢, the

better the design.
Table of Patient Allocation
Subgroup Treatment 1 Treatment 2 Control
S 79.5 (10.047) 14.1(7.279) 1.1(1.853)
s, 57.9 (19.496) 86.5 (20.845) 0.8(1.317)
& 0(0) 0 (0) 0(0)

Figure 6.13: Table of Patient Allocation in the Subgroup Enrichment and Analysis module.
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6.2.3.2 Restore simulation setup

If users wish to make a variation of a current design, they can either enter new inputs as they did
when creating the current design set, or they can “restore” the simulation input settings from the
simulation results by clicking the button (yellow arrow in Figure 6.14). When clicked, this

button navigates to the Simulation Setup page and pre-populates the input fields.

Subgroup Enrichment and Analysis @ User Manual

Simulation Setup Simulation Results

Simulation History
Select a Design Category: Subgroup Enrichment and Analysis K

C: Single-Agent Dose-Finding Design with Toxicity Endpoint and Cohort Enrellment, R: Single-Agent Dose-Finding Design with Toxicity Endpoint and Rolling Enrollment, T: Single-
Agent Dose-Finding Design with Efficacy & Toxicity Endpoints and Cohort Enrollment, D: Dual-Agents Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, B: Basket-
Trial Design,S: Subgroup Enrichment and Analysis

e Clickthe EJ button to display simulation results.
o Clickthe ) button to import simulation settings into the Simulation Setup tab.
o Clickthe fj button to delete simulation results.

e Clickthe & button to download a report of simulation results in word or zip file that includes a protocol template with a statistical section ir orporating $imulation results.

Type Launch Time Duration Designs Labels #Scenarios Actions Version
2021-06-14 - EB

s 00:01:18 SCUBA z 2 A
07:03:23 K 0w & 1.0.0
2021-06-14 = EB

s 00:01:16 SCUBA z 2 A
04:58:38 - BALAE 1.0.0

Figure 6.14: Restore simulation setup and download simulation results in the Subgroup Enrich-

ment and Analysis module.

6.2.3.3 Download simulation results

The download button button (green arrow in Figure 6.14) creates a Word document, which
includes three parts:

— Part A: Complete simulation results for the designs and scenarios users selected

— Part B: Detailed technical descriptions of the designs

— Part C: References
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6.3 Statistical Methods Review

6.3.1 The Subgroup Cluster-based Bayesian Adaptive (SCUBA) Design

This section describes the subgroup cluster-based Bayesian adaptive (SCUBA) design proposed by
Guo et al. (2017a). The SCUBA design uses lines or planes to partition the continuous biomarker
space and define patient subgroups as polygons bounded by these lines or planes. SCUBA also
allows a different subset partition for each treatment. The number of linear boundaries in the
biomarker space is assumed random, which allows data-driven inference. To borrow strength
across subsets, SCUBA assumes a Dirichlet process prior (Ferguson, 1973; Neal, 2000; Hjort et al.,
2010) for the response rates across subsets. Therefore, subsets that are geographically distant in the
biomarker space can still share the same response rate.

A clinical trial based on SCUBA achieves two goals: 1) enriching the allocation of patients
to their precise treatments during the course of the trial and 2) reporting subgroup treatment pairs

(STPs) at the end of the trial for future confirmatory studies.

6.3.1.1 Probability Model

Linear Boundary: Suppose under consideration is a total of B biomarkers and 7" candidate treat-
ments, indexedby b =1,--- ,Bandt = 1,---, T, respectively. Let x; denote a continuous mea-
surement of biomarker b, such as protein expression. For mathematical convenience, we assume
that x;, € [—1, 1] has been standardized. In the SCUBA design, we assume that the biomarker space
may be partitioned differently for different treatments. This would require the partition-related pa-
rameters having the treatment index ¢ for mathematical symbols. For simplicity, we suppress the
index ¢ in this subsection and will put it back later.

SCUBA uses lines or planes as linear boundaries in the biomarker space Q = [—1,1]? to
define patient subgroups. A linear boundary in the B-dimensional biomarker space can be written
as a linear equation, Zle Byxy = ¢, where 3’s and c are real values. This general format does
not give a unique solution as multiple 5’s and ¢’s can give the same boundary. To get the unique
solution, we impose a constraint, Zszl ﬁbz = 1, on By’s. Therefore, a linear boundary s in the

B-dimensional biomarker space {2 when B > 1 can be written as a standardized linear equation,

given by
B-1 b-1 B-1
(H rs,s’)\/l_rib'xb‘i‘Hrs,s"xB:C& s=1,---,5, (6.2)
b=1 s'=1 s'=1
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where 75, € (—1,1] and S is the number of boundaries. When B = 1, the boundary can be written
r1 = ¢, s = 1,---, S without slope parameters. We assume hereinafter B > 1, and remedy to
the case when B = 1 can be easily made by ignoring the slope r. Since z;, € [—1,1] and ¢5 €
[—v/B,V/B] there is a 1-to-1 mapping between a linear boundary in Q and (rs 1, -+ ,7s 51, Cs)-
This facilitates the prior construction for r,; and c, later. According to (6.2), the tuple r; =
(rsp,---,rs,p—1) decides the “direction” of the sth boundary and ¢, affects the “intercept” of the
boundary.

For each direction, we allow up to two parallel linear boundaries to give more flexibility in
modeling the biomarker-response surfaces. For example, sometimes response to a treatment is
associated with a complex interaction of multiple biomarkers, resulting in a nonlinear biomarker-
response surface for both biomarkers (Ala et al., 2013). In other words, we allow 0 < M, < 2
boundaries with the same direction g, s = 1,---, B. This is realized by having Mg number of
intercepts c; 4, where subscript a index the intercepts with the same direction. Altogether, we allow

up to 2 x B lines or planes as subgroup boundaries. Therefore, changing c; to ¢, , we rewrite (6.2)

as
B—1 b—1 B-1
/ 2 _ _ _
(H Ts.s') L—ry o+ H Tss " TB = Csa, a=1,--+ My, s=1---,5 (6.3)
b=1 s'=1 s'=1

Figure 6.15 gives an example of boundaries in the case of two biomarkers. There are two
directions in Figure 6.15, with one direction having two lines (dashed) and the other direction having
only one line (dotted). Without loss of generality, assume the intercept parameter c; 4 is increasing
with respect to the index a, that is, cs 4, > €4, When a1 > ag. This construction avoids label

switching in the posterior inference (McLachlan and Peel, 2004).

Likelihood Function: Hereinafter, we add subscript ¢ to all parameters to allow treatment-specific

partitions. For treatment ¢, define 7, = {r¢s,s = 1,--- , B} whenry s = {ry 55,0 =1,--- ,B—1}
represents the coefficients of the linear boundary for the sth direction, ¢; = {¢; 5,5 = 1,--- , B}
where
1% if My, =0
Cts = {Ct,s,l} if Mt,s =1

{cts1,cts2} Mg =2
is the sth intercept set for direction r; , and My = {M;,s = 1,--- , B} with M, ; denoting the
number of boundaries for direction 7 .
Parameters (¢, ¢;, M;) and their priors induce a random partition IT; for treatment ¢ on the

biomarker space 2. We write the partition IT; = {A;1,--- , A¢ 1, }, where A ; is the ith partition
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biomarker 1
Ve
Ve
—>
L
Ve
Ve

\\ /\\

\ \
N ’1 — 11Xy 1% =0 AN

\ \

-1 "1 — 12Xy F X = 0y 1

biomarker 2

Figure 6.15: (Adopted from Guo et al. (2017a)) An example of partition of a 2-d biomarker space.

There are B = 2 directions, with M; = 2 and My = 1 linear boundaries for each direction,

respectively.
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set for treatment ¢, ¢ = 1,--- , I;, and I; is the random number of partition sets for treatment t. A
saturated partition has M; ; = 2 boundaries for all directions s € {1,--- , B}, and every pair of
boundaries for one direction intersects the pair of boundaries for another direction. In such a case,
there are I; = 37 partition sets for treatment ¢. In general, I; < Hsle(Mt,s +1).

Let us consider y;, the binary outcome for patient j. Letx; = (x;1,--- ,x; ) be the observed
biomarker profile and ¢; the treatment assignment for patient j, j = 1,--- ,n, respectively. Define
015 = Pr(y; = 1| t; =t ,x; € Ag;), the response probability for patients in partition set Ay ;
for treatment ¢. The observed data consists of (y;, «;,t;) for all the patients that have been enrolled
in the trial. Define y = (y1, - ,yn)s € = (X1, ,&pn), t = (1, ,tn), @ = (01,---,0;)
and 6, = (6¢1,---,0:1,). ¢ = (c1,--+ ,er), M = (My,--- ,Mr), r = (r1,--- ,rr), and
IT = (I14,- - - ,II7p). The likelihood function is given by

It; Yj I, 1-y;
Ly | 0.I) =] 0y xL(@mj € Ayi)p x 1= 0y x Lz, € Ay, ;) :
j i=1 i=1
(6.4)

where only one indicator 1(x; € Ay; ;) equals 1 for patient j across all partition sets 7, and the

remaining indicators are O for the patient.

Prior Models: The joint Bayesian hierarchical model can be written as

T
L(y| 6,M)p(6 | I0) [ [ p(T; | 71, ¢, My)p(re, €1, My). (6.5)
t=1
In (6.5), p(I1; | 74, ¢y, M) = 1 since (7, ¢, M) deterministically decides the partition IT;. We
only need to specify the prior p(ry, ¢, My).

Assuming the intercept ¢; and the slope 7; are independent given M, we have p(¢q, v, M) =
p(ee | My)p(ry | My)p(M;). We allow M, ¢ to be 0, 1 or 2, and assume a discrete uniform prior
with Pr(M; s = 0) = Pr(Mys = 1) = Pr(Mys = 2) = 1/3. We construct priors for 7 s and
¢t,s conditional on M; ;. The dimension of ¢; ¢ is M;s. When M; s = 0, let ¢; 5 = @. Since

|ct.s.a| < VB, we assume uniform priors as below:

Ct,s,1 | Mt,s >0~ ’LLan(—\/E, \/E),
Cts2 | Ctsts Mys =2~ unif(cis1,VB).

Note that the prior model forces ¢; s 2 > ¢; 5,1 to avoid label switching. Similarly, we take uni f [—1,1]

for priors of direction parameters 7’s.
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To complete the prior construction in the model, we propose a Dirichlet process (DP) prior as
p(0 | II):

oM Y G t=1,....T, i=1,...1

G ~ DP(ay,Beta(ag,bp)).

We set g = ag = by = 1. The base measure is then Beta(1,1), a uniform distribution. The
natural clustering characteristic of DP induces possible clusters for the response rates {6, ; } across

treatments and partition sets. This allows borrowing strength using data from all patients.

Posterior Inference:

Based on the joint model (6.5), posterior samples for the parameters are obtained using MCMC
simulations. Sampling M; ; among values in 0, 1, or 2 might change the dimension of ¢; g, ¢ 5, and
0;. Hence, we make use of reversible jumps (Green, 1995; Richardson and Green, 1997). We make
a random choice between changing the value of M; , to an adjacent status or keeping M; , at the
current value.

Detailed description of the MCMC moves can be found in the web-based supplementary ma-
terials for SCUBA (Guo et al., 2017a). Using the posterior samples for all the parameters, we infer
the posterior predictive probability described in §6.3.1.3 and the estimated subgroup-treatment pairs
(STPs) in §6.3.1.4.

6.3.1.2 Trial Design

The proposed SCUBA design consists of two phases, a run-in phase during which patients are
equally randomized to treatments, and an adaptive phase during which patients are allocated using
one of two methods defined in §6.3.1.3. After the initial run-in phase, we update the posterior dis-
tributions once ncoport NEW patients’ responses are obtained. The trial continues until the specified

total sample size is reached.

6.3.1.3 Patient Allocation

For new patients enrolled during adaptive phase in the trial, SCUBA calculates the posterior pre-
dictive probability of response under each arm to guide the treatment assignment. Suppose the trial
has accumulated data for n patients, including their biomarker profiles, treatment allocations, and
responses, denoted by x(n), t(n), and y(n), respectively. Based on the MCMC samples,

{(O(k), ¥ MK r(k)) k=1, K }, the posterior predictive probability of response under
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arm ¢ for patient j with biomarker profile x; among the next n.,nor¢ patients is given by

qi(t) = Pr(y; =1lzj,t; =t,y(n),z(n),t(n))
= Z/PT(yJ = 1|:l§j,tj = t,B,c,M,r)p(O,C7M,T|y(n),$(n)at(”))drd‘3d9
M

%

K
%Zpr (v = 1oty = 1,00, 9, p®, o))

k=1
LA i
A e ZQM x 1 (a:j € Ag?) ,
k=1 \ i=1

(k)

(k) is the ¢th partition set of the partition I, =

where I, is the number of partition sets and Aglz
{Agﬁ), - ,Agf[)t} for treatment ¢ based on the kth MCMC sample, (%), ¢®), M*) »(#)) And

only one indicator 1(z; € A;;) equals 1 for patient j across all partition sets 7, and the remaining

)

indicators are O for the patient.
Depending on the purpose of the trial, East Bayes allows the two following approaches to

allocate patients,

e Choosing the Winner : this approach assigns the next cohort of patients to the arm £ with the

highest posterior predictive probability, i.e.,

t = argmax g;(t). (6.6)
t

o Adaptive Randomization (AR): this approach use adaptive randomization based on the fre-

quency of arm ¢ having the highest posterior predicted probability p;(¢), given by
| X
pi(t) = i kZ:l 1 (arg;nax qj(»k) (') = t) : (6.7)

where qj(-k) (t") = Pr(y; = 1|z, t; = t',0%) c®) M® 5*)) Then AR allocates patient j

to arm ¢ with a probability proportional to p;(t).

6.3.1.4 Report Subgroup-Treatment Pair (STP)

One unique feature of SCUBA is its ability to report multiple STPs in multi-arm clinical trials. This

approach works quite well in finding the true STPs with low false discovery rates.
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Reporting STPs hinges on the discovery of regions in the biomarker space 2 in which one
treatment outperforms all the others. We define an equally spaced grid of H values {xy 1, ..., 2 i}
for the biomarker b where each x;,;, € [—1, 1]. Taking the Cartesian product of the grids across all
B biomarkers, we obtain a B—dimensional grid & of size H” points. In the MCMC samples, the

k" iteration generates a set of boundaries on §2 for each treatment ¢, denoted by (Mt(k), cgk), rgk)).

These boundaries subsequently define partition sets Hgk) = {Agﬁ), ey Aikl)( » - For each grid point
sl

Zn.h=1,..., HB, we can find the partition set Ag? so that zj, € Agl?. Knowing now the partition

set Agi) we record the vector of response rates as OA,(LIC) = (égkg, R égﬁ ZL) from the same MCMC

iteration, which consists of response rates under all different treatments. The collection over all the
MCMC iterations, {HA}(Lk), k =1,..., K} can be used to report the best treatment for the hth grid
point. For example, given a desired confidence ps, ps € (0, 1), we select the “winning” treatment

t;, for the hth grid point if

5 1 (k) m)
Pr6; , >max6 = — 1(60)’ > max0 > Ps. 6.8
< th,h iy t,h> K Ek: < thoh ~ s, t,h Ds (6.8)
If Pr (957,1 > max, i Ht,h) < ps, Vit € {1,---,T}, we do not report any winning treatment

t, for the grid point &, and set £, = ). Then over all the grid points, the collection { (i, Z1,), h =
1,..., H} provides a map of STPs on the biomarker space, allowing blank space to indicate unde-

cided regions.

6.4 Summary

The SCUBA design is capable of handling a trial with multiple treatment arms and providing desir-
able subgroups for each arm. It can take in more than one continuous biomarker and discover novel
subgroups by thresholding the biomarkers adaptively. It is a true precision medicine approach with
power statistical modeling and inference.

SCUBA can also be easily applied to simpler trials where only one treatment arm and one
control are investigated. And it can easily handle a single biomarker as well.

In Guo et al. (2017a), desirably simulation results have been reported which show that SCUBA
is able to discover the true subgroups with reasonable power and allocate patients to their optimal

treatments. We refer details to the original publication.
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7.1 Bayesian Efficacy Monitoring via Predictive Probability

This section describes the Bayesian Efficacy Monitoring via Predictive Probability (henceforth re-
ferred to as PP) proposed by (Lee and Liu, 2008). PP design possesses good operating character-
istics. At the same time the design is more flexible compared with traditional two- or three-stage
designs which can be difficult to follow exactly because the response has to be evaluated at pre-

specified fixed number(s) of patients.

7.1.1 Model

Denote p as the response rate. Assume p follows a beta prior, p ~ Beta(ag,bp). It represents
the investigator’s previous knowledge or belief of the efficacy of the new regimen. The quantity
ap/(ao + bo) reflects how informative the prior is. The quantities ag and by can be considered as the
number of response and the number of nonresponses, respectively. Thus, ag + by can be considered
as a measure of the amount of information contained in the prior. The larger the value of ag + b,
the more informative the prior and the stronger the belief it contains.

Let X denote the number of responses among the current enrolled n patients, so we have X
follow a binomial distribution, X ~ Binomial(p,n). Consequently, the posterior distribution of

response rate p follows a new beta distribution,
pln, X = x ~ Beta(ag + x,by + n — x). (7.1)

Set a maximum accrual of patients to N(N > n). Thus, the number of responses (") in the
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potential m (m = N — n) future patients follows a beta-binomial distribution,
Y|n,m,X =z ~ Beta — Binomial(m,ag + z,byp +n — x). (7.2)

When there are ¢ responses in the remaining m patients, i.e., when ¥ = ¢, we can get the

posterior distribution of response rate p,
p|X =x,Y =i~ Beta(ap +x +i,bp + N —x — 7). (7.3)

Let po denote a reference response rate, the effect of the standard treatment. Therefore, through
(7.2) and (7.3), PP can be calculated as follows :

m
PP=> Pr(Y =i|X =2)[{Pr(p > po|X = 2,Y =1i) > 6}, (7.4)
i=0
where 6 is the probability threshold for declaring efficacy at the end of the trial; and I{x} is the
indication function, which equals to 1 if the condition satisfies; otherwise, equals to 0.

For example, in a phase II trial, an investigator plans to enroll a maximum of N = 15 patients
into the study. At a given time, z = 2 responses are observed in n = 10 patients. We use the
prior Beta(0.5,0.5) and the efficacy declaration threshold & = 0.7. Therefore, So PP of declaring
efficacy (say, > pp = 30%) is 0.03, see Table 7.1 for the detail calculation process.

Table 7.1: Illustration of Calculating PP (N = 15,n = 10,2 = 2,pg = 0.3,0 = 0.7)

p|X,Y ~ Beta(a,b) in (7.3)

Y X+4Y Pr(Y=iX=nux) Pr(p>po|X ==,Y =i) Indicator' Prod?

a b

0 2 0.338 2.5 13.5 0.071 0 0

1 3 0.338 35 12.5 0.203 0 0

2 4 0.206 4.5 11.5 0.404 0 0

3 5 0.088 5.5 10.5 0.624 0 0

4 6 2a0.026 6.5 9.5 0.804 1 0.026

5 7 0.004 7.5 8.5 0917 1 0.004
Total 1 0.03

! Indicator denotes I{Pr(p > po|X = x,Y =i) > 0}.
2 Prod denotes Pr(Y =i|X =z) x I{Pr(p > po|X =z,Y =1i) > 0}.

7.1.2 Decision Criteria
For efficacy monitoring using PP, the following two decision rules are introduced:

e Early stopping for futility: the trial will be stopped early and the treatment is declared

inefficacious if PP < Pr, where Pr, is chosen as a small positive constant. PP < Pr,
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indicates that it is unlikely the response rate will be larger than pg at the end of the trial given

the current information. When this happens, we may as well terminate the trial.

o Early stopping for efficacy: the trial will be stopped early and the treatment is declared
efficacious if PP > Py, where Py is chosen as a large positive constant. PP > Py indicates
that it has a high probability to conclude that the treatment is efficacious at the end of the study,
if the same trend as the current data continues. That is, the current collected data provides

enough evidence to stop the trial early due to efficacy.

And the details about how to setup Py, Pr and Py see the future function Search.

7.1.3 Design

With any number of patients before the end, we can calculate a value of PP, and then decide
whether to early stop and declare efficacy or futility by comparing PP with Pr, and Py. Exactly as
the flexibility of PP design, there is not a fixed trial design. Any cohort size is adaptable. And even
the cohort size can be one, so it allows continuous monitoring of the trial outcome. See the next

subsection for details.

7.1.4 An Example

Consider a example that a study is expected to enroll 20 patients. During the trial, after 10 patients
have assessed their primary endpoint, when there are new patients’ outcomes, the decision of early
stop for efficacy or futility will be made by comparing the boundary values obtained based on PP
with the actual responses of primary endpoint.

If input parameters as shown on the left panel of Figure 7.1 and click Submit, we can get the
result on the right panel of Figure 7.1. The futility and efficacy boundary values are shown in Table
7.2.
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Figure 7.

: An Example: Bayesian Efficacy Monitoring by Predictive Probability

Design Setup:
Reference response rate (pg)

0.3

Prior distribution for response rate
p: Beta(ag,bg)

ap: bo:
0.5 0.5

PP =53 gitterernt futyre datal
Prob(future datalcurrent data)x

I[Prob(p>pylcurrent and future
data)]=6}

Threshold for declaring efficacy
at the end of the trial (6)

0.7
Early stopping for futility (PP <
Py

P,: Threshold for futility early
stopping on PP

0.1
Early stopping for efficacy (PP >
Py)

Py: Threshold for efficacy early
stopping on PP

0.9

Trial Setup:

(default values provided below;
click "Input Cohorts Manually" to
change)

Number of simulations

10000

Input Cohorts Manually

Maximum number of patients in
the trial (N)

20
Minimum number of patients

before early stopping rule
applies (Npin)

10

Cohort size

1

Scenarios:
Response rates (comma
delimited)

0.1,0.3,0.5

Transition to Trial
current
params

Stopping Boundaries & Operating Characteristics Trial Monitoring

Stopping Boundaries Operating Characteristics

Table SB1: Early Stopping Boundaries

Patients Boundary Action

10 <=2 Early Stopping for Futility
1 <=2 Early Stopping for Futility
12 <=3 Early Stopping for Futility
13 <=3 Early Stopping for Futility
14 <=3 Early Stopping for Futility
15 <=4 Early Stopping for Futility
16 <=4 Early Stopping for Futility
17 <=5 Early Stopping for Futility
18 <=5 Early Stopping for Futility
19 <=6 Early Stopping for Futility

Table SB2: Boundary for Declaring Efficacy

Patients Boundary Action

20 >=8

Declaring Efficacy

Previous n 2 Next

Previous Next

263



Cytel

Module 7. Bayesian Efficacy Monitoring with Predictive Probability

Table 7.2: Futility and Efficacy Boundary Values by Predictive Probability

Early Futility Boundary

Number of patients (with primary endpoint assessed) 10~11 12~14 15~16 17~18 19
Early stop for futility, if number of responses <=2 <=3 <=4 <=5 <=6

Early Efficacy Boundary

Number of patients (with primary endpoint assessed) 10~12 13~15 16~19

Early stop for efficacy, if number of responses >=06 >=17 >=8

Efficacy Boundary reaching the maximum sample size

Declaring efficacy, if number of responses >=38

Specifically, if the number of responses is less than or equal to the futility boundary, the study
may be early stopped for futility (e.g., when there are 15 patients having been assessed with less
than or exactly 4 responses, early stopping for futility is permitted in this trial.); if the number of
responses is more than or equal to the efficacy boundary, the study may be early stopped for efficacy
(e.g., when there are 16 patients having been assessed with more than or exactly 8 responses, early
stopping for efficacy is permitted in this trial.). If the trial don’t stop early for futility or efficacy, and
more than or exactly 8 responses are observed in final 20 patients, the treatment will be considered

effective, otherwise futile.
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8.1 Bayesian Efficacy Monitoring via Posterior Probability

This section describes the Bayesian Efficacy Monitoring via Posterior Probability (henceforth re-
ferred to as PoP). PoP design possesses good operating characteristics, more flexible compared with
traditional two- or three-stage designs which can be difficult to follow exactly because the response

has to be evaluated at pre-specified fixed number(s) of patients, same as PP design (see Section 7.1).

8.1.1 Model

Denote 6 as the response rate. Assume 6 follows a prior beta distribution, Beta(ag, by). It represents
the investigator’s previous knowledge or belief of the efficacy of the new regimen. The quantity
ag/(ag + bg) reflects how informative the prior is. The quantities ag and by can be considered as the
number of response and the number of nonresponses, respectively. Thus, ag 4 by can be considered
as a measure of the amount of information contained in the prior. The larger the value of ag + bg,
the more informative the prior and the stronger the belief it contains.

Let X denote the number of responses in current n patients, so we have X follow a binomial
distribution, X ~ Binomial(f,n). Consequently, the posterior distribution of response rate 6

follows a new beta distribution,

On, X = x ~ Beta(ag + x,bg + n — ). (8.1)

8.1.2 Decision Criteria

For efficacy monitoring using posterior probability, the following three decision rules are intro-
duced:
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o Early stopping for futility: let 61, be the reference response rate for futility monitoring and
Py, be the probability confidence threshold for futility stopping. The trial should be stopped

early and the treatment is declared inefficacious if

Pr(0 > Opyen, x) < Ppyy.

o Early stopping for efficacy: let 0. be the reference response rate for efficacy monitoring
and Py be the probability confidence threshold for efficacy stopping. The trial should be

stopped early and the treatment is declared efficacious if

Pr(0 > Ocpf|n,x) > Peyy.

e Criterion for declaring efficacy at the end of the trial: let 0. . rina be the reference response
rate and P rina be the probability confidence threshold for declaring efficacy at the end of

the trial. The treatment is declared efficacious if

Pr(0 > Ocst rinat|n, ©) > Peff. final-

For example, assume that there is a clinical trial which has enrolled 10 patients (n = 10) and
among these 10 patients 2 patients responds (x = 2). We use the prior ag = 0.5, by = 0.5. So the
posterior probability of € is as follows §|n = 10, X = 2 ~ Beta(2.5,8.5). If we use the 07,; = 0.3
as the response rate for futility, so the posterior probability of response rate being higher than 0.3 is
Pr(p > 0.3|n = 10, X = 2) = 0.25. If we use the futility threshold Py,; = 0.3, the trial will be
stopped early.

8.1.3 Design

With any number of patients before the end, we can calculate values of
Pr(0 > Opu|n, x), Pr(0 > bef¢n, x) and Pr(0 > Ocss finar|n, ),

and then decide whether to early stop and declare efficacy or futility by comparing them with Py,
P,y and P,y rina- Exactly as the flexibility of PoP design, there is not a fixed trial design. Any
cohort size is adaptable. And even the cohort size can be one, so it allows continuous monitoring of

the trial outcome. See the next subsection for details.
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8.1.4 An Example

Consider a example that a study is expected to enroll 20 patients. During the trial, after 10 patients
have assessed their primary endpoint, when there are new patients’ outcomes, the decision of early
stop for efficacy or futility will be made by comparing the boundary values obtained based on PoP
with the actual responses of primary endpoint.

If input parameters as shown on the left panel of Figure 8.1 and click Submit, we can get the
result on the right panel of Figure 8.1. The futility and efficacy boundary values are shown in Table
8.1.
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Figure 8.1: An Example: Bayesian Efficacy Monitoring by Posterior Probability

Stopping Boundaries & Op

Trial Monitoring

Stopping Boundaries Operating Characteristics

Design Setup:

Prior distribution for response rate

6: Beta(ao, bo) Table SB1: Early Stopping Boundaries

ap: bg:
0.5 0.5 Patients Boundary Action
10 >=5 Early Stopping for Efficacy
Early stopping for futility . .
Pr(0 > 1) < Prat 1 >=5 Early Stopping for Efficacy
12 >=5 Early Stopping for Efficacy
Reference Threshold for
response rate early futility _ . N
for futility stopping 13 >=6 Early Stopping for Efficacy
(Brur) (Prup) . I
14 >=6 Early Stopping for Efficacy
0.3 0.3
15 >=6 Early Stopping for Efficacy
Early stopping for efficacy 16 >=7 Early Stopping for Efficacy
Pr(6 > 64) 2 Py
17 >=7 Early Stopping for Efficacy
Reference Threshold for . .
response rate early efficacy 18 >=8 Early Stopping for Efficacy
for efficacy stopping
(Berr) (Perr) 19 >= Early Stopping for Efficacy

0.3 0.8
Previous = 1 Next

Criterion of declaring efficacy at the
end of the trial:

Pr(6 > Beft final) = Peftfinal Table SB2: Boundary for Declaring Efficacy
Reference Threshold for . .
response rate  declaring Patients Boundary Action
for efficacy at efficacy at the
the end of the  end of the trial 20 >=10 Declaring Efficacy
trial (Pett.final)
(Bett.final)
Previous - Next
0.4 0.8
Trial Setup:

(default values provided below;
click "Input Cohorts Manually" to
change)

Number of simulations

10000

Input Cohorts Manually

Maximum number of patients in
the trial (N)

20
Minimum number of patients

before early stopping rule
applies (Nmin)

10

Cohort size

1

Scenarios:
Response rates (comma
delimited)

0.1,0.3,0.5
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8.1.4. An Example

Table 8.1: Futility and Efficacy Boundary Values by Posterior Probability

Early Futility Boundary

Number of patients (with primary endpoint assessed) 10~13 14~16 17~19

Early stop for futility, if number of responses <=2 <=3 <=4

Early Efficacy Boundary

Number of patients (with primary endpoint assessed) 10~12 13~15 16~17 18~19
Early stop for efficacy, if number of responses >=25 >=06 >=17 >=38
Efficacy Boundary reaching the maximum sample size

Declaring efficacy, if number of responses >=9

Specifically, if the number of responses is less than or equal to the futility boundary, the study

may be early stopped for futility (e.g., when there are 17 patients having been assessed with less

than or exactly 4 responses, early stopping for futility is permitted in this trial.); if the number of

responses is more than or equal to the efficacy boundary, the study may be early stopped for efficacy

(e.g., when there are 18 patients having been assessed with more than or exactly 8 responses, early

stopping for efficacy is permitted in this trial.). If the trial don’t stop early for futility or efficacy,

and more than or exactly 9 responses are observed in 20 patients, the treatment will be considered

effective, otherwise futile.
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9.1 Bayesian Toxicity Monitoring via Posterior Probability

This section describes the Bayesian Toxicity Monitoring via Posterior Probability. This design is
mostly the same as PoP design (see Section 8.1), the only difference being that this design is used
to monitor toxicity but PoP design monitors efficacy. So this design also possesses good operating
characteristics, more flexible compared with traditional two- or three-stage designs which can be
difficult to follow exactly because the response has to be evaluated at pre-specified fixed number(s)

of patients.

9.1.1 Model

Denote 6 as the toxicity rate. Assume 6 follows a prior beta distribution,
0 ~ Beta(ag, bo).

It represents the investigator’s previous knowledge or belief of the toxicity of the new regimen.
The quantity ag/(ag + bo) reflects how informative the prior is. The quantities ag and by can be
considered as the number of DLTs and the number of non-DLTs, respectively. Thus, ag + bg can be
considered as a measure of the amount of information contained in the prior. The larger the value
of ag + bg, the more informative the prior and the stronger the belief it contains.

Let X denote the number of DLTs in current n patients,
X ~ Binomial(6,n).
Consequently, the toxicity distribution of toxicity rate 8 follows a new beta distribution,
On, X = x ~ Beta(ag + x,bg + n — x).
For toxicity monitoring using toxicity probability, the trial should be stopped if

Pr(0 > Opaz|n, z) > 0p.
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9.1.2 Design

With any number of patients before the end, we can calculate a value of Pr(0 > 6,,4,|n, ) then
decide to whether or early stop for excessive toxicity by comparing them with 7. Exactly as the
flexibility of this design, there is not a fixed trial design. Any cohort size is adaptable. And even
the cohort size can be one, so it allows continuous monitoring of the trial outcome. See the next

subsection for details.

9.1.3 An Example

Consider a example that a study is expected to enroll 20 patients. During the trial, after 10 patients
have assessed their primary endpoint, when there are new patients’ outcomes, the decision of early
stop for efficacy or futility will be made by comparing the boundary values obtained based on PoP
of toxicity with the actual DLTs of primary endpoint.

If input parameters as shown on the left panel of Figure 9.1 and click Submit, we can get the
result on the right panel of Figure 9.1. The futility and efficacy boundary values are shown in Table
9.1.
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Figure 9.1: An Example: Bayesian Toxicity Monitoring by Posterior Probability

Design Setup:

Maximum probability of Dose-
limiting Toxicity allowed (6max)

0.3
Prior distribution for toxicity rate 6:
Beta(ag,bg)
ap: bg:

0.5 0.5
Pr(6>6pna ) 261

Toxicity stopping criterion (6;)

0.7

Trial Setup:
(default values provided below;

click "Input Cohorts Manually" to
change)

Number of simulations

10000
Input Cohorts Manually

Maximum number of patients in
the trial (N)

20
Minimum number of patients

before early stopping rule
applies (Nmin)

10

Cohort size

1

Scenarios:

Toxicity rates (comma delimited)

0.1,0.3,0.5

Stopping Boundaries & Operating Characteri Trial Monitoring

Stopping Boundaries

Operating Characteristics

Table SB: Toxicity Stopping Boundaries

Patients

Boundary
>=4
>=5
>=5
>=5

>=6

Action

Early Stopping for Excessive Toxicity
Early Stopping for Excessive Toxicity
Early Stopping for Excessive Toxicity
Early Stopping for Excessive Toxicity
Early Stopping for Excessive Toxicity
Early Stopping for Excessive Toxicity
Early Stopping for Excessive Toxicity
Early Stopping for Excessive Toxicity
Early Stopping for Excessive Toxicity

Early Stopping for Excessive Toxicity

Previous . 2 Next
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Table 9.1: Futility and Efficacy Boundary Values by Posterior Probability

Early Toxicity Boundary

Number of patients (with primary endpoint assessed) 10 11~13 14~16 17~19
Early stop for excessive toxicity, if number of DLTs >=4 >=5 >=6 >=17

Toxicity Boundary reaching the maximum sample size

Declaring excessive toxicity, if number of DLT's ‘ >=28

Specifically, if the number of DLTs is more than or equal to the toxicity boundary, the study
may be early stopped for excessive toxicity (e.g., when there are 14 patients having been assessed

with more than or exactly 6 DLTs, early stopping for excessive toxicity is permitted in this trial.).
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10.1 Introduction

This module briefly describes the Bayesian Optimal Design for phase II clinical trials (BOP2) with
simple and complex endpoints (Zhou et al., 2017).

The objective of a phase II clinical trial is to evaluate the preliminary efficacy of a new treatment
and to determine whether an efficacious treatment warrants investigation in a large-scale randomized
phase III trial. A fundamental design feature of phase II clinical trials is the early stopping rule to
prevent the exposure of an excessive number of patients to a possibly futile treatment. Numerous
designs have been developed for phase II clinical trials. Among frequentist designs, the most well
known one is the Simons two-stage design (Simon, 1989), which minimizes the expected sample
size or the maximum sample size under the null hypothesis that the treatment is not effective while
controlling the type I and type Il error rates at desirable levels. Other related work includes Flemings
multiple-stage test (Fleming, 1982), Ensigns optimal three-stage design (Ensign et al., 1994), and
Chens optimal three-stage design (Chen, 1997), among others.

A number of Bayesian designs has been proposed for phase II trials as well. Thall and Simon
(1994) propose using posterior probability to monitor phase II trials and terminate a trial if the in-
terim data indicate that the response rate for the treatment has high posterior probability of being
smaller than a prespecified threshold. Heitjan (1997) advocates the use of a persuasion probabil-
ity to determine whether or not a drug is promising. Tan and Machin (2002) propose two Bayesian
two-stage designs that mimic frequentist multistage designs. Lee and Liu (2008) propose a Bayesian
phase II design based on posterior predictive probability, and Cai et al. (2014b) introduce a Bayesian
phase II trial design that can handle delayed efficacy outcomes through the use of multiple imputa-

tion.
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Traditionally, phase II clinical oncology trials focus on binary efficacy endpoints, e.g., tumor
response. However, more complicated endpoints start to be adopted with the advent of novel molec-
ular targeted agents and immunotherapies. The endpoints for such treatments may be ordinal or
multivariate, and the investigators are often interested in simultaneously monitoring multiple types
of events in the trial. In this module of Bayesian Optimal Design with Simple and Complex
Endpoints (BOP2), East Bayes uses an Rshiny app and performs trial simulation to examine the
operating characteristics of the BOP2 design (Zhou et al., 2017). §10.2 introduces the Rshiny user
interface and tutorial of launching trial simulations and examining results. A statistical review of
the BOP2 design is provided in §10.3.
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10.2 User Interface and Tutorial

10.2.1 Overview

Entering the Bayesian Optimal Design with Simple and Complex Endpoints (BOP2) page, users
will see four main tabs: Binary, Co-primary, EffTox and Ordinal as showned in Figure 10.1. They

represent the four potential endpoints of the trial.

Bayesian Optimal Design with Simple and Complex Endpoints (BOP2)

Help Document

Co-primary EffTox Ordinal

Figure 10.1: The four tabs (endpoints) in the BOP2 module.

After clicking one of the tabs, an interface appears with Design Setup and Trial Setup on
the left and the Stopping Boundaries and Operating Characteristics on the right. An example is
shown in Figure 10.2 for the Binary tab.
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Bayesian Optimal Design with Simple and Complex Endpoints (BOP2)

Help Document

Co-primary

BOP2 - Binary Effcacy Endpoints

i Stopping Boundaries
Design Setup:

Null Hypothesis (HO)

Response Rate

0.2

Alternative Hypothesis (H1)

Respons Rate

0.4

Other Scenarios
Response Rate

0.1,0.6

Type | error rate (a)

0.1

Trial Setup:
Simulation Seed

123

Number of Simulations

1000

Maximum Sample Size

50

Interim looks

10,20,35

EffTox Ordinal

Operating Characteristics

Figure 10.2: An interface for the Binary endpoints in BOP2.
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10.2.2 Simulation Setup

The left box of Figure 10.2 includes two parts, Design Setup and Trial Setup. In the Design Setup,
input arguments are required for Null Hypothesis, Alternative Hypothesis, Other Scenarios, and
Type I Error Rate (Table 10.1-10.4). In the Trial Setup, there are four input arguments, Simulation
Seed, Number of Simulations, Maximum Sample Size, and Interim Looks (Table 10.5). Users need
to provide these arguments to set up BOP2 simulations.

Upon completing Design Setup and Trial Setup, users click the “Submit” button at the bottom
of the page to launch simulations. Users may also click the “Reset” button next to “Submit” to clear
all settings. After the simulations are launched, the results of simulations will be displayed in the
Stopping Boundaries and Operating Characteristics tab on the right (Figure 10.3). Detailed steps
of are elaborated next in §10.2.2.1-§10.2.2.2.
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Co-primary EffTox Ordinal

BOP2 - Binary Efficacy Endpoints

Stopping Boundaries Operating Characteristics
Design Setup:
Null Hypothesis (HO)
Response Rate Table: Early Stopping Boundaries
0.2
Patients Boundary Action
Attemativelktypothesis (kil) 10 ORR <=1 Early stopping for low efficacy
Response Rate
20 ORR <=3 Early stopping for low efficacy
0.4
35 ORR <=7 Early stopping for low efficacy
Other Scenarios 50 ORR <=13 Early stopping for low efficacy

Response Rate

0.1,0.6 Previous Next

Type | error rate (a)

0.1

Trial Setup:

Simulation Seed

123

Number of Simulations

1000

Maximum Sample Size

50

Interim looks

10,20,35

m Roset

Figure 10.3: An interface with simulation results for the Binary endpoints in BOP2.
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10.2.2.1 Step 1: Design Setup

In Design Setup, first specify the Response Rates under the “Null Hypothesis”, the “Alternative
Hypothesis”, and “Other Scenarios”. The detailed explanation of these input arguments for the four

endpoints, Binary, Co-primary, EffTox, and Ordinal is provided in Tables 10.1, 10.2, 10.3, and 10.4,

respectively.
Table 10.1: Design Setup in the BOP2: Binary Endpoint.
Notation Parameters Description

Response Rate — | The probability of binary efficacy endpoint under the null

Null Hypothesis hypothesis. The range is (0,1). The default value is 0.2.

Response Rate

B Alternative The probability of binary efficacy endpoint under the al-

Hypothesis ternative hypothesis. The range is less than 1, and it must
be larger than the Response Rate under “Null Hypothesis™.
The default value is 0.4.

Response Rate -

Other Scenarios The probabilities of binary efficacy endpoint for other sce-
narios. Input should be separated by commas. Each input
value denotes one new scenario. The range of each input
value is (0,1). The default values are “0.1,0.6”, represent-
ing two scenarios.

o Type I Error Rate The probability of rejecting the null hypothesis when it is
true. The default value is 0.1.
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Table 10.2: Design Setup in the BOP2: Co-primary Endpoint.

Notation Parameters Description
Pr(Eff1) Response rate of ef- | The response rate of efficacy endpoint 1 under the null hypoth-
ficacy endpoint 1 — | esis or the alternative hypothesis. The range of Pr(Eff1) un-
Null Hypothesis and | der the null hypothesis is (0,1) and the range of Pr(Eff1)
Alternative Hypothe- | under the alternative hypothesis is less than 1 and larger than
sis that of the null hypothesis. The default value is 0.1 under the
null hypothesis and 0.3 under the alternative Hypothesis.
Pr(Eff2) Response rate of ef- | The response rate of efficacy endpoint 2 under the null hypoth-
ficacy endpoint 2 — | esis or the alternative hypothesis. The range of Pr(E f f2) un-
Null Hypothesis and | der the null hypothesis is (0,1) and the range of Pr(Eff2)
Alternative Hypothe- | under the alternative hypothesis is less than 1 and larger than
sis that of the null hypothesis. The default value is 0.2 under the
null hypothesis and 0.35 under the alternative Hypothesis.
Pr(Eff1&Eff2)| Responserate of both | The joint response rate of efficacy endpoints 1 and 2 under the
efficacy endpoint 1 | null hypothesis or the alternative hypothesis. The ranges of
and 2 — Null Hypoth- | them are both (0,1). The default value is 0.05 under the null
esis and Alternative | hypothesis and 0.15 under the alternative hypothesis. For ex-
Hypothesis ample, efficacy endpoints 1 and 2 denote the objective response
rate (ORR) and EFS6, respectively. Here, EFS6 is a binary
endpoint representing whether event-free survival at 6 months
is true.
Pr(Eff1) Response rate of ef- | The response rates of efficacy endpoint 1 for other scenarios.
ficacy endpoint 1 — | Input should be separated by commas. The range of each input
Other Scenarios value is (0,1). The default values are “0.2,0.45,0.7”.
Pr(Eff2) Response rate of ef- | The response rates of efficacy endpoint 2 for other scenarios.
ficacy endpoint 2 — | Input should be separated by commas. The range of each input
Other Scenarios value is (0,1). The default values are “0.2,0.45,0.6”.
Pr(Eff1&Eff2)| Responserate of both | The joint response rates of efficacy endpoints 1 and 2 for
efficacy endpoint 1 | other scenarios. Input should be separated by commas. The
and 2 — Other Scenar- | range of each input value is (0,1). The default values are
ios “0.1,0.2,0.4”. Each combination of Pr(Eff1), Pr(Eff2)
and Pr(Eff1&FE f f2) represents one new scenario. The de-
fault values represent three scenarios.
Q@ Type I Error Rate The probability of rejecting the null hypothesis when it is true.

The default value is 0.1.
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Table 10.3: Design Setup in the BOP2: EffTox Endpoint.

Notation

Parameters

Description

Pr(Eff&Tox)

Probability of effi-
cacy and toxicity —
Null Hypothesis and
Alternative Hypothe-

S18

The probability of binary efficacy and toxicity endpoints under
the null hypothesis or the alternative hypothesis. The range of
Pr(Ef f&Tox) under the null hypothesis is (0,1) and the range
of Pr(Eff&Tox) under the alternative hypothesis is less than
1 and larger than that of the null hypothesis. The default value
is 0.15 under the null hypothesis and 0.18 under the alternative
Hypothesis.

Pr(Eff) -
Pr(Eff&Tox)

Probability of effi-
cacy and no toxic-
ity — Null Hypothesis
and Alternative Hy-
pothesis

The probability of efficacy and no toxicity under the null hy-
pothesis or the alternative hypothesis. The range under the null
hypothesis is (0,1) and the range under the alternative hypothe-
sis is less than 1 and larger than that of the null hypothesis. The
default value is 0.3 under the null hypothesis and 0.42 under the

alternative Hypothesis.

Pr(Tox) —
Pr(Eff&Tox)

Probability of no ef-
ficacy and toxicity —
Null Hypothesis and
Alternative Hypothe-

S1S

The probability of no efficacy and toxicity under the null hy-
pothesis or the alternative hypothesis. The range under the null
hypothesis is (0,1) and the range under the alternative hypothesis
is larger than 1 and less than that of the null hypothesis. The de-
fault value is 0.15 under the null hypothesis and 0.02 under the

alternative Hypothesis.

Pr(Eff&Tox)

Probability of effi-
cacy and toxicity —

Other Scenarios

The probabilities of efficacy and toxicity for other scenarios. In-
put should be separated by commas. The range of each input
value is (0,1). The default values are “0.1,0.2”.

Pr(Eff) -
Pr(Eff&Tox)

Probability of effi-
cacy and no toxicity

— Other Scenarios

The probabilities of efficacy and no toxicity for other scenarios.
Input should be separated by commas. The range of each input
value is (0,1). The default values are “0.1,0.25”.

Pr(Tox) -
Pr(Eff&Tox)

Probability of no ef-
ficacy and toxicity —

Other Scenarios

The probabilities of no efficacy and toxicity for other scenarios.
Input should be separated by commas. The range of each input
value is (0,1). The default values are “0.1,0.25”. Each com-
bination of Pr(Ef f&Tozx), Pr(Eff) — Pr(Eff&Tox) and
Pr(Tox) — Pr(Ef f&Tox) represents one new scenario. The

default values represent two scenarios.

Type I Error Rate

The probability of rejecting the null hypothesis when it is true.
The default value is 0.1.
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Table 10.4: Design Setup in the BOP2: Ordinal Endpoint

Notation Parameters Description
Pr(CR) Probability of | The probability of complete remission under the null hy-
complete remission | pothesis or the alternative hypothesis. The range of
— Null Hypothesis | Pr(CR) under the null hypothesis is (0,1) and the range
and Alternative | of Pr(C'R) under the alternative hypothesis is less than
Hypothesis 1 and larger than that of the null hypothesis. The default
value is 0.05 under the null hypothesis and 0.15 under the
alternative hypothesis.
Pr(PR) Probability of | The probability of partial remission under the null hypothe-
partial  remission | sis or the alternative hypothesis. The range of Pr(PR) un-
— Null Hypothesis | der the null hypothesis is (0,1) and the range of Pr(PR)
and Alternative | under the alternative hypothesis is less than 1 and larger
Hypothesis than that of the null hypothesis. The default value is 0.05
under the null hypothesis and 0.15 under the alternative hy-
pothesis.
Pr(CR) Probability of com- | The probabilities of complete remission for other scenar-
plete remission — | ios. Input should be separated by commas. The range
Other Scenarios of each input value is (0,1). The default values are
“0.1,0.2,0.4”.
Pr(PR) Probability of | The probabilities of partial remission for other scenarios.
partial remission — | Input should be separated by commas. The range of each
Other Scenarios input value is (0,1). The default values are “0.1,0.2,0.4”.
Each combination of Pr(CR) and Pr(P R) represents one
new scenario. The default values represent three scenarios.
a Type I Error Rate The probability of rejecting the null hypothesis when it is

true. The default value is 0.1.
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10.2.2.2 Step 2: Trial Setup

Table 10.5: Trial Setup in the BOP2 module.

Parameters

Description

Simulation Seed

The seed for random number generation. The default value
is 123.

Number of Simula-

tions

The number of simulated trials. The range is [10,10000].
The default value is 1000.

Maximum Sample

Size

The maximum patient number to be enrolled in the trial.

The range is [1, +00]. The default value is 50.

Interim Looks

The numbers of enrolled patients for interim analysis. In-
put should be integers separated by commas. Each numeral
denotes one number of patients for interim analysis. The
range of each single numeral is larger than 1 and less than

Maximum Sample Size. The default value is “10,20,35”.

10.2.2.3 Launch Simulation

Once the simulation setup is completed, users can calculate the stopping boundaries and conduct

simulated clinical trials to examine the operating characteristics of the BOP2 design using the gen-

erated scenarios, by clicking the “Submit” button at the bottom. Results will be displayed on the

right panel after a few seconds (Figure 10.3).
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10.2.3 Simulation Results
10.2.3.1 Stopping Boundaries

Once the simulations are completed, two tabs on the right panel, Stopping Boundaries and Oper-
ating Characteristics, will appear. Figure 10.4 presents Stopping Boundaries under the Binary
efficacy endpoints, which means the trial may be early stopped for futility if the number of responses
is less than or equal to the stopping boundary. For example, when 20 patients have been assessed

for efficacy and less than or equal to 3 patients responded, the trial is stopped early due to futility.

Stopping Boundaries Operating Characteristics

Table: Early Stopping Boundaries

Patients Boundary Action

10 ORR <=1 Early stopping for low efficacy
20 ORR <=3 Early stopping for low efficacy
35 ORR <=7 Early stopping for low efficacy
50 ORR <=13 Early stopping for low efficacy

Previous n Next

Figure 10.4: Stopping Boundaries in the BOP2 with Binary endpoint.

10.2.3.2 Operating Characteristics
There are three sections in Operating Characteristics.
A. Table: Operating Characteristics (Figure 10.5).
B. Table: Frequency of Early Stopping (Figure 10.6).
C. Frequency of Early Stopping at Interim Looks (Figure 10.7).

A. Table: Operating Characteristics. Figure 10.5 shows an example of the table.
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o Positive Trial represents the frequency of simulated trials in which the treatment is deemed
efficacy.

e Average Sample Size represents that the average number of patients enrolled across all the
simulated trials.

e Early Stop represents the frequency of simulated trials that stop early due to futility or high

toxicity.

Note that the sum of Positive Trial and Early Stop is not equal to 1, since there exist some simulated

trials which did not stop early but the treatment is not deemed efficacy either.

Table: Operating Characteristics

Scenarios Positive Trial Average Sample Size Early Stop
HO 0.087 27.460 0.701
H1 0.937 48.205 0.049
Scenario3 0.000 14.435 0.982
Scenario4 1.000 50.000 0.000

Previous - Next

Figure 10.5: Operating Characteristics in the BOP2 with Binary endpoint.

B. Table: Frequency of Early Stopping.

In this table (Figure 10.6), Early Stop represents the frequency of early stopping at each in-
terim look and Cumulative Early Stop the cumulative frequency of early stopping at each interim
look.
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Table: Frequency of Early Stopping
Scenarios Cohort Early Stop Cumulative Early Stop
HO 10 0.397 0.397
HO 20 0.140 0.537
HO 35 0.164 0.701
H1 10 0.040 0.040
H1 20 0.004 0.044
H1 35 0.005 0.049
Scenario 3 10 0.750 0.750
Scenario 3 20 0.139 0.889
Scenario 3 35 0.093 0.982
Scenario 4 10 0.000 0.000
Previous - 2 Next

Figure 10.6: Frequency of Early Stopping in the BOP2 with Binary endpoint.
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C. Frequency of Early Stopping at Interim Looks.
The bottom part under Operating Characteristics is a bar plot (Figure 10.7) of the frequency
of early stopping at the interim analysis. Different colors indicate different scenarios and the sum

of the numbers above same color’s columns should be equal to 1.

Frequency of Early Stopping at Interim Looks

1.00=

075~

Scenario

r -

5 0.50 B

g B scenarios
[ scenarioa

0.25-

n00 0 u 0 h 0
10 20 35
Interim Looks

Figure 10.7: Frequency of Early Stopping at Interim Looks in the BOP2 with Binary endpoint.
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10.3 Statistical Methods Review

10.3.1 Probability Model

Although the endpoints of the aforementioned trials take different forms, they can be unified and

represented by a random variable Y that follows a multinomial distribution,

Y ~ Multinomial (01,09, - ,0%), (10.1)

where 0, = Pr(Y = k) is the probability that Y belongs to the kth category, k = 1,--- , K. The K
categories can be the actual levels of a single endpoint or the combinational levels of multiple cat-
egorical endpoints. For example, for co-primary efficacy endpoints (§10.3.4.2), Y is a multinomial
variable with four categories where 1 = (OR, EFS6), 2 = (OR, no EFS6), 3 = (no OR, EFS6), and 4
= (no OR, no EFS6). For efftox endpoints (§10.3.4.3), Y is a multinomial variable with four cate-
gories: 1 = (toxicity, OR), 2 = (no toxicity, OR), 3 = (toxicity, no OR), and 4 = (no toxicity, no OR).
Similarly, for ordinal efficacy endpoints (§10.3.4.4), Y is the ordinal outcome, with Y = 1,2, 3, and
4 denoting CR, PR, SD, and PD, respectively.

Suppose that at an interim look, a total of n patients has been enrolled into the trial and
their endpoints have been fully evaluated. Let D,, = (x1,--- ,xx) denote the interim data and
xi denote the number of patients with response Y = k, where Zszl T = n. Assuming that

0 = (01, ,0k) follows a Dirichlet prior,

(01,02, ,0k) ~ Dir(ay,- - ,ax), (10.2)
where a1, - - - , ag are positive hyperparameters. The posterior distribution of 0 is given by
9’Dn~DiT(CL1+LE1,--' VAR + TK). (10.3)

We set Z,If:l ar, = 1 such that the prior is vague and equivalent to a prior effective sample size
of 1. In the special case that Y is a binary outcome (§10.3.4.1), the Dirichlet-multinomial model

becomes a standard beta-binomial model.

10.3.2 BOP2 Trial Design

Let NV denote the maximum sample size of the trial. The proposed BOP2 design consists of R
interim looks, which occur when the number of enrolled patients reaches ny,--- ,ng , and a final

look when all N patients are enrolled. At each of these looks, the go/no-go decision is made on
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the basis of the accumulating data, as described in the succeeding texts. In other words, patients
are enrolled in R + 1 cohorts of size ny,ng — ny, -+ ,ng — nr—1 and N — np, respectively, and
the go/no-go decision is made after each cohort is enrolled and their endpoints observed . When
R = N — 1, we obtain a full sequential design in which the go/no-go decision is continuously
assessed after each patient. For notational brevity, we suppress the subscript of the interim sample
size when this does not cause confusion.

Let C'(n) denote a probability cutoff, which is a function of the interim sample size n. Under
the proposed design, the go/no-go decision at each interim is made on the basis of the posterior
probability of the events of interest. Specifically, for the four endpoints, the interim stopping rule is
described as follows. At an interim look, terminate the trial if
(Binary Endpoints, §10.3.4.1):

Pr(6, <0.2| D,)>C(n); (10.4)
(Co-primary Endpoints, §10.3.4.2):
Pr(6y +62 <0.1|D,)>C(n) and Pr(6;+63<0.2|D,)>C(n); (10.5)
(EffTox Endpoints, §10.3.4.3):
Pr(6y +62 <0.45| D,,)>C(n) or Pr(0;+65>0.3]| D,)>C(n); (10.6)
(Ordinal Endpoints, §10.3.4.4):
Pr(6; <0.15| D,)>C(n) and Pr(0; +02 <0.3|D,)>C(n); (10.7)

Unlike some existing Bayesian designs (Thall and Simon, 1994; Thall et al., 1995; Thall and
Sung, 1998), which assume a constant cutoff, here we allow the cutoff C'(n) to be a function of
the interim sample size n. Although these stopping rules have different clinical interpretations, the
go/no-go decisions are all based on the evaluation of a set of the posterior probabilities of the linear

combination of the model parameters @ = (61, --- ,0 K)T , for example,

Pr(b8 < ¢ | D,) > C(n), (10.8)

where b is a design vector with elements of 0 and 1 and ¢ is a prespecified threshold.

Given 0 ~ Dir(a; + 21, -+ ,ax + xx) and a design vector b = (by, - - - , bx) with elements
of 0 and 1, b6 follows a beta distribution Beta (35, bx(ax + 1), Sore, (1 — bp)(ax + x1)). Asa
result, Pr(b@ < ¢ | D,,) can be easily evaluated as
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K

K
Pr(b0 < ¢ | Dn) = B(¢3 > bilar + z1), > (1= by)(ax + 1)), (10.9)
k=1 k=1

where B(¢;a, ) is the cumulative distribution function of a beta distribution with parameters «

and 3, evaluated at value ¢. This property of Pr(b@ < ¢ | D,,) leads to the following result.

10.3.3 Optimizing Parameters

Suppose that appropriate null hypothesis Hy and alternative hypothesis H; have been chosen to
reflect clinical interests, where Hj specifies the value of @, under which the treatment is deemed
as futile, and H; specifies the value of 8, under which the treatment is deemed as promising. For
example, for ordinal efficacy endpoints, Hy : #; =0.15 and 6, + 62 = 0.3, and a reasonable alternative
hypothesis is Hy: 61 = 0.25 and 67 + 02 = 0.5. With complicated endpoints (e.g., two co-primary
efficacy endpoints), the specification of H is less straightforward and should be determined through
consultation with clinicians to reflect a desirable outcome that is feasible in practice. We reject Hy
and claim that the treatment is promising if the stopping boundaries are never crossed throughout
the trial (including at the end of the trial). The type I error rate and statistical power are defined as
the probability of rejecting Hy under Hy and H, respectively.

The operating characteristics of the BOP2 design rely on the specification of the probability
cutoff C'(n). Although any reasonably flexible monotonically decreasing function may be used, one
particular function of C'(n) that is simple and yields good operating characteristics is the following

two-parameter power function:

C(n)=1-=A(n/N)7, (10.10)

where A and 7 are tuning parameters. We require that v > 0 such that C'(n) is monotonically
decreasing with n/N, the fraction of the accumulated information. The rationale is that at the
beginning of the trial, data are sparse and a more relaxed stopping rule with a larger value of C(n)
may be preferred to avoid terminating the trial accidentally. When the trial proceeds and information
accumulates, we have less uncertainty regarding the endpoint of interest, and thus, it is desirable
to have a more stringent stopping rule with a smaller value of C'(n) to terminate the trial for an
inefficacious treatment.

For choosing the tuning parameters A and ~y, to maximize the power of the BOP2 design while

controlling the type I error rate at a certain prespecified level. This can be carried out as follows:

e Step 1: Elicit from clinicians Hy and H; and the desirable type I error rate.
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e Step 2: Find the values of (\,7) that yield the desirable type I error rate, which can be carried

out through a grid search.

e Step 3: Among the set of (\,y) identified in step 2, select the one that yields the maximum

statistical power as the optimal design parameters.
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10.3.4 Examples of Four Different Endpoints

The BOP2 design is capable of handling several types of trials below in a unified framework, which

use four different endpoints.

10.3.4.1 Binary Efficacy Endpoint

The aim of a phase II trial is to evaluate the efficacy of pem-brolizumab in patients with advanced
small bowel adenocarcinomas. The primary endpoint is the objective response rate (ORR), defined
using Response Evaluation Criteria in Solid Tumors (RECIST) version 1.1. The treatment is re-
garded as futile if the ORR is < 20% and promising if the ORR is > 40%. This example is used to

illustrate the standard case with a binary efficacy endpoint in this module of East Bayes.

10.3.4.2 Co-primary Efficacy Endpoints

The primary objective of a phase II trial is to evaluate the efficacy of trebananib administered at 15
mg/kg IV per week in patients with persistent or recurrent carcinoma of the endometrium. The trial
has two co-primary efficacy endpoints: the ORR and the event-free survival at 6 months (EFS6).
The objective response (OR) is defined using RECIST version 1.1. The event-free survival (EFS)
is defined as the length of time from the initiation of the treatment to disease progression, death,
or beginning a subsequent therapy. The null hypothesis is that the ORR is < 10% and EFS6 is <
20%. In other words, the treatment is regarded as futile if the ORR is < 10% and EFS6 is < 20%.
Clinically significant improvements are defined as a 20% increase in EFS6, or a 15% increase in
ORR.

10.3.4.3 Joint Efficacy and Toxicity Endpoints

In a phase II clinical trial, patients with recurrent indolent non-follicular lymphoma are treated with
lenalidomide in combination with rituximab. Lenalidomide is administered at 20 mg/day for days
121, and rituximab is administered at 375 mg/m? once on day 14 of every 28 days. The primary
efficacy endpoint is the response as defined using the 1999 Cheson criteria. Because of large un-
certainty regarding the safety of the combination treatment, the trial also monitors dose-limiting
toxicity, defined according to the National Cancer Institute Common Terminology Criteria for Ad-

verse Events (CTCAE) . The lowest acceptable response rate is 45%, and the highest acceptable
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toxicity rate is 30%.

10.3.4.4 Ordinal Efficacy Endpoints

The aim of a phase II clinical trial is to assess the efficacy of nivolumab in patients with Hodgkins
Iymphoma who have not experienced a successful outcome following an autologous stem cell trans-
plant. The revised International Working Group Criteria for Malignant Lymphoma is used to define
the efficacy of treatments for lymphoma, categorized as one of four levels of decreasing desirability:
complete remission (CR), defined as the disappearance of all evidence of disease; partial remission
(PR), defined as the regression of measurable disease and no new sites; stable disease (SD), defined
as failure to attain CR, PR or progressive disease (PD); and PD, defined as evidence of any new le-
sion or an increase in lesion volume > 50% from the nadir of previously involved sites. In this trial,
although both CR and PR are regarded as favorable responses, CR is substantially more desirable.
The treatment is regarded as promising if (i) the probability of achieving CR or PR is > 30% or (ii)
the probability of achieving CR is > 15%, where the endpoint of the second condition is a part of

the endpoints of the first condition.
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11.1 Introduction

A dose-ranging design is a clinical trial where different doses of a drug are tested against each other
to establish efficacy and safety of the drug. Dose-ranging design is usually an early phase II clinical
trial which includes a placebo group of subjects, and a few groups that receive different doses of
the drug to be tested. One of the major goals of a phase II dose-ranging design study is to identify
a correct dose before moving forward to a phase III confirmatory trial. A four-parameter sigmoid
Emax (Dragalin et al., 2007) is sufficient to represent all of the observed dose response curves,
except one which had a non-monotone shape. When a dose-response relationship is monotonic, the
Emax model has been shown to effective and efficient for designing and analyzing dose-response
data across a wide range of pharmaceutical studies.

In order to estimate Emax parameters, we adapt Bayesian methodology in this module. Using
Markov Chain Monte Carlo method samples are obtained from posterior distribution. This method
has the usual advantages of Bayesian methodology in particular along with the point estimates we
also have variance for those estimates.

In this module, East Bayes uses an Rshiny app and performs trial simulation to examine oper-
ating characteristics of the Emax design (Dragalin et al., 2007). §11.2 introduces the Rshiny user
interface and tutorial of launching trial simulations and examining results. A statistical method

overview is given in §11.3.
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11.2 User Interface and Tutorial

11.2.1 Overview

Entering the Dose Ranging Designs — Emax page, users will see two main tabs: Inputs and Out-
puts (Figure 11.1). In the Inputs tab, there are four steps: 1) Design Parameters, 2) Enrollment
Parameters, 3) Response Parameters, and 4) Simulation Parameters. Users need to complete
the steps 1-4 to set up simulations. Upon completing steps 1-4, users click the “Launch Simulation”
button at the bottom of the page. After the simulation is launched, the results of simulations will be
displayed in the QOutputs tab. The simulation process can be monitored in real time at the top of the

Outputs tab. Detailed steps of using this module are elaborated next in §11.2.2-§11.2.3.

Emax Bayesian Design

Help Document

oups

Figure 11.1: The two tabs of the Emax module.
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11.2.2 Simulation Setup

East Bayes requires users to provide input parameter values for the Emax Bayes design in four

steps. After clicking on the question mark icons, a description of parameters used in the sec-

tion is displayed. If there are parameters you would like to change which are not currently ac-

cessible, or designs you would like to see added to this module, please contact us by emailing

support@cytel.com.

11.2.2.1 Step 1: Design Parameters

First specify the target response difference from the placebo and the prior parameters of the Emax

model. See Figure 11.2. A detailed explanation of these input arguments will be provided in Table

11.1.

Click the “Apply” button (Figure 11.2) to confirm the input design parameters. The “Apply”

button changes to “Edit” and can be clicked again to change design parameters as needed.

Step 1: Design Parameters

Target Objectives: Difference from Placebo
Prior Parameters @
Cohort Re-Allocation Rule: Wtd. Variance at Targets

Target (Diff. from Placebo) @ Ep: Normal
5
(38 Normal
log(EDs) : Normal
Hill: Normal
. Inv.
o Gamma

Sampling Method : Gibbs (Markov Chain Monte Carlo)

Mean

5

Mean

Mean

Mean

0.5

0.001

Std. Dev.

5

Std. Dev.

5

Std. Dev.

5

Std. Dev.

2

100

#Points

30

#Points

30

Apply

Figure 11.2: Design Parameters in the Dose Ranging Designs — Emax module.
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Table 11.1: Design Parameters in the Dose Ranging Designs — Emax module.

Parameters Description Range

Target (Diff. from | The target value is defined as the relative difference | [0, 10]
Placebo) from the placebo.

Ey: Mean The mean for the prior normal distribution of the mini- | [—10%, 109]

mum value of response (Ep)

Ey: Std. Dev. The standard deviation for the prior normal distribution | [1076,109]

of the minimum value of response (Ej)

Epaz: Mean The mean for the prior normal distribution for the dif- | [~10%, —10~%]u
ference between the maximum and minimum response | [1076,109]
(Emam)

E, a2 Std. Deyv. The standard deviation for the prior normal distribution | [107%,109]

for the difference between the maximum and minimum

response (Eyqz)

log(EDs0): Mean | The mean for the prior log normal distribution of the | [—13,13]
logarithm of the value of the dose with the median re-

sponse (£ Dsg)

log(EDsp):  Std. | The standard deviation for the prior log normal distri- | [1076, 109]
Dev. bution of the logarithm of the value of the dose with the

median response (£ Dsg)

Hill: Mean The mean for the prior truncated normal distribution of | [1076,109]
Hill (truncated to the left of 0). Hill is the slope factor
that controls the rate at which response increases as a

function of dose levels.

Hill: Std. Dev. The standard deviation for the prior truncated normal | [1076,109]
distribution of Hill (truncated to the left of 0).

o a The shape parameter a for the prior inverse gamma dis- | [0, 109]

tribution of the variance of observation o2.

a b The scale parameter b for the prior inverse gamma dis- | [0, 10]

tribution of the variance of observation o2.
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11.2.2.2 Step 2: Enrollment Parameters

First specify the rate of accural for subjects and the delay time to observe the response in the same
time unit. Then specify the allocation ratio of the sample size in placebo and drug groups. The
sample size for each group will be calculated according to the allocation ratio after the input of
cohort size. See Figure 11.3. A detailed explanation of these input arguments will be provided in
Table 11.2.

Click the “Apply” button (Figure 11.3) to confirm the input enrollment parameters. The “Ap-

ply” button changes to “Edit” and can be clicked again to change enrollment parameters as needed.

Step 2: Enrollment Parameters

Cohort Details @

Accrual Rate @ Cohort ID Cohort Size Placebo Sample Size Drug Sample Size Number of Cohorts

2 1 120 40 80 1

Response Lag @
Total Sample Size:
0
120
Allocation Ratio @

12

Apply

Figure 11.3: Enrollment Parameters in the Dose Ranging Designs — Emax module.
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Table 11.2: Enrollment Parameters in the Dose Ranging Designs — Emax module.

Parameters Description Range

Accrual Rate The number of patients entering the study per unit of | [1076,109]
time.

Response Lag The duration between the time of the allocation of sub- | [0, 10]
jects to the time when their response is observed. It has
the same time unit as Accrual Rate by default.

Allocation Ratio The proportion in which allocating patients to placebo | x:y. x and y
and drug respectively in a cohort. must be pos-

itive  integers

less than 100

Cohort Details

Cohort Size The number of subjects allocated in a particular cohort. | [1, 109
Number of Cohorts | The number of cohorts in one trial. [1,10]
Total Sample Size | The total number of subjects in one trial. [1,106]
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11.2.2.3 Step 3: Response Parameters

In this step, users need to specify the true response value of each dose. First specify the total number
of doses and the common value of the standard deviation for the responses of all doses. Then choose
a certain type of the curve by clicking “Curve Family” and input particular parameters according
to the curve type. The mean response of each dose is generated from the function of the selected
curve type and the corresponding dose level. See Figure 11.4. A detailed explanation of these input
arguments will be provided in Table 11.3.

Click the “Apply” button (Figure 11.4) to confirm the input response parameters. The “Apply”

button changes to “Edit” and can be clicked again to change response parameters as needed.

Step 3: Response Parameters
Dose Response Curve
Curve Family @ #of Doses @ Units @ Common Std. Dev ©
e
Emax v 6 # 9 L
Eo Emax EDso Hill 1)
Parameters: 5 15 5 0.5
[}
(%]
Dose Information 5
aQ
Index Level (#) Mean Response Initial Allocation Ratio 8 9-
vy
Placebo 0.000 5.000 c
<
D1 1.000 9.635 1.000 %
D2 2.000 10.811 1.000 7
D3 3.000 11.547 1.000
D4 4.000 12.082 1.000
D5 5.000 12.500 1.000
5. 4
0 i 2 3 4 5
Dose Level (#)
Apply

Figure 11.4: Response Parameters in the Dose Ranging Designs — Emax module.

When “Curve Family” is selected as “Emax”, the mean response of each dose Y is generated

from the formula given by,
EnacD®

EDS, + DS’

where D is the dose level and S is a slope factor (i.e., Hill parameter). The detailed explanation of

E(Y | D) = Eo+

these input arguments is provided in Table 11.4.
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Table 11.3: Response Parameters in the Dose Ranging Designs — Emax module.

Parameters Description Range
Curve Family A mean dose-response curve from which data will be

generated for this simulation study, including Emax,

Four Parameter Logistic, Linear, Quadratic and Man-

ually Input to be selected.
# of Doses The total number of available doses including placebo. | [2,10]
Units The unit of the measurement for drug doses.
Common Std. Dev. | A common value of the standard deviation for the re- | [1076, 10°]

sponse at each dose.

Table 11.4: Input arguments when “Emax” is selected in the Dose Ranging Designs — Emax

module.

Parameters Description Range

Ey The y-intercept of the Emax model, i.e, the mean re- | [—10%, 10%]
sponse for placebo.

Fnax The range of difference between the maximum and [—106, —IO_G}U
minimum response. This means that (Ey + Epax) is | [1076,109]
the upper asymptote.

EDsg The value of the dose that gives the median response of | [1076,109]
Ey + %Emax. This means that F D5 is the dose with
an expected response midway between minimum and
maximum responses.

Hill A slope factor that controls the rate at which response | [1076,10]
increases as a function of D. For fixed Ey, 4, and E D5,
the derivative is proportional to the Hill parameter

Level (#) The actual dose levels. Dose Levels must be unique | [0, 109
values in strictly increasing order.

Initial ~ Allocation | The allocation ratio for the first cohort of patients. [0,100]

Ratio
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When “Curve Family” is selected as “Four Parameter Logistic”, the mean response of each

dose Y is generated from the formula given by,

4]

E(Y’D):ﬁ‘f‘m,

where D is the dose level. The detailed explanation of these input arguments is provided in Table
11.5.

Table 11.5: Input arguments when “Four Parameter Logistic” is selected in the Dose Ranging

Designs — Emax module.

Parameters Description Range

B The minimum or maximum response value depending | [—10%,10%]

on whether § is positive or negative, respectively.

4] The absolute range of expected values of the response. | [—10%, —10~6]u
[107°,106]
0 The value of dose that gives an expected response that | [—10%, 10°]

is midway between the minimum and maximum values.

T The parameter is inversely proportional to the slope of | [1076,109]

the dose response curve at 6.

Level (#) The actual dose levels. Dose Levels must be unique | [0, 109]

values in strictly increasing order.

Initial ~ Allocation | The allocation ratio for the first cohort of patients. [0,100]

Ratio
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When “Curve Family” is selected as “Linear”, the mean response of each dose Y is generated

from the formula given by,

E(Y |D)=Ey+dxD,

where D is the dose level, Ej represents the y-intercept, i.e., the mean response for placebo, and d

represents the slope factor. The detailed explanation of these input arguments is provided in Table

11.6.

Table 11.6: Input arguments when “Linear” is selected in the Dose Ranging Designs — Emax

module.

Parameters Description Range

Intercept The y-intercept of the Emax model, i.e, the mean re- | [—10%, 10%]
sponse for placebo.

Slope The slope factor. [—10%, —10%|u

[107%,106]

Level (#) The actual dose levels. Dose Levels must be unique | [0, 109
values in strictly increasing order.

Initial  Allocation | The allocation ratio for the first cohort of patients. [0,100]

Ratio
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When “Curve Family” is selected as “Quadratic”, the mean response of each dose Y is gener-

ated from the formula given by,
E(Y | D) = Ey+ By * D + By x D?,

where D is the dose level, E represents the y-intercept, i.e., the mean response for placebo, and
B and B> represent the linear coefficient and the quadratic coefficient, respectively. The detailed

explanation of these input arguments is provided in Table 11.7.

Table 11.7: Input arguments when “Quadratic” is selected in the Dose Ranging Designs — Emax

module.

Parameters Description Range

Intercept The y-intercept of the Emax model, i.e, the mean re- | [—10%, 10%]
sponse for placebo.

Linear Coeff The linear Coefficient [—10%,106]

Quadratic Coeff The quadratic Coefficient [~10%, —106|u

[107°,106]

Level (#) The actual dose levels. Dose Levels must be unique | [0, 10]
values in strictly increasing order.

Initial  Allocation | The allocation ratio for the first cohort of patients. [0,100]

Ratio

When “Curve Family” is selected as “Manually Input”, the mean response of each dose is input

manually.
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Table 11.8: Input arguments when “Manually Input” is selected in the Dose Ranging Designs —

Emax module.

Parameters Description Range

Level (#) The actual dose levels. Dose Levels must be unique | [0, 10]
values in strictly increasing order.

Mean Response Mean or average value of the response [—109,106]

Initial  Allocation | The allocation ratio for the first cohort of patients. [0,100]

Ratio
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11.2.2.4 Step 4: Simulation Parameters

In this step, users need to specify the the number of simulations, one-sided Type I error , random
seed. Numbers of samples in the burn-in period and steady state samples, and starting values of
log(E Ds5g) and Hill need to be specified for the MCMC sampling. See Figure 11.5. A detailed

explanation of these input arguments will be provided in Table 11.9.

Step 4: Simulation Parameters

# of Simulations © Alpha (1-sided) © Burn-in @ Steady State Sims. ©
100 0.025 Sampling: 5000 10000

Seed log(EDso) Hill
213245 Starting Values: 5 0.5

Apply

Figure 11.5: Simulation Parameters in the Dose Ranging Designs — Emax module.

Click the “Apply” button (Figure 11.5) to confirm the input simulation parameters. The “Ap-

ply” button changes to “Edit” and can be clicked again to change design parameters as needed.
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Table 11.9: Simulation Parameters in the Dose Ranging Designs — Emax module.

Parameters Description Range

# of Simulations The total number of simulations to be executed. [1,5000]
Alpha (1-sided) One-sided Type I error rate [0.001,0.999]
Seed Random seed number [0, 106]
MCMC Parameters

Sampling: Burn-In | The number of the initial MCMC iterations that are re- | [0,10000]

moved from the final analysis.

Sampling: Steady
State Samples

The number of samples which are collected from
MCMC chains of posterior distributions of the param-
eters in order to calculate the Bayesian estimates. The
chains are assumed to have reached the stationary dis-

tribution after the burn-in period.

[1000,10000]

Starting ~ Values: | The initial value for the logarithm of EDsg in the | [-13,13]
log(E Dsp) MCMC sampling.

Starting  Values: | The initial value for parameter Hill in the MCMC sam- | [107¢,109]
Hill pling.
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11.2.3 Simulation Results

The Outputs tab is primarily used for viewing the simulation jobs and simulation results, and for
downloading simulation results. Simulation results (figures and tables) can be downloaded in CSV
format. Hereinafter, we use simulation results and operating characteristics interchangeably.

In the Outputs tab, the History panel exhibits the progress of all simulations users launched
(Figure 11.6). The simulations are displayed in ascending order by the submit time. Once an

ongoing simulation is selected, click the “Delete” button to delete the corresponding simulation.

History
Show| 10 v/ entries Search:
Model Input Submit Time NSim Seed Output Finish Time
1 model_1 Submitted 2022-03-06 08:05:54 10 213245 Finished 2022-03-06 08:06:00
2 model_2 Submitted 2022-03-06 08:06:45 100 213245 Finished 2022-03-06 08:07:42
3} model_11 Submitted 2022-03-16 04:24:09 100 213245 Finished 2022-03-16 04:25:07
4 model_36 Submitted 2022-03-22 03:19:04 1000 213245 Finished 2022-03-22 03:40:12
5} model_37 Submitted 2022-03-22 03:25:19 100 213245 Finished 2022-03-22 03:27:26
6 model_38 Submitted 2022-03-22 04:18:35 1000 213245 Finished 2022-03-22 04:49:11
7 model_39 Submitted 2022-03-22 04:19:16 1001 213245 Finished 2022-03-22 04:54:33
8 model_40 Submitted 2022-03-22 04:19:59 1009 213245 Finished 2022-03-22 04:54:57
9 model_41 Submitted 2022-03-22 07:22:19 100 213245 Finished 2022-03-22 07:27:46
Showing 1to 9 of 9 entries Previous ‘j Next
[t | [ oot | [ owmsimmay | =3

Figure 11.6: Simulation progress in the Dose Ranging Designs — Emax module.

Select a finished simulation to show the simulation results (Figure 11.7). The design settings
are firstly displayed at the View Input panel. Click the View Qutput panel to view the results
of simulation. Once a finished simulation is selected, click 1l Input Design” and 1l Output
Summary” to download a CSV file including simulation settings or simulation results separately.

The simulation results are divided into three parts, i.e, Summary, Estimates and Target Analysis.

11.2.3.1 Summary

There are three tables in the Summary section (Figure 11.8):
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View Input View Output

Step 1: Design Parameters

Target Objectives: Difference from Placebo
Cohort Re-Allocation Rule: Wtd. Variance at Targets

Total Sample Size

5

Prior Parameters

Sampling Method : Gibbs (Markov Chain Monte Carlo)

Distribution Mean

Eo Normal 5

e Normal 5
log(EDsg) | Normal 5

Hill Normal 0.5

Distribution
a? Inv. Gamma | 0.001

a

Std. Dev.

N

100

Figure 11.7: View Inputs and Outputs in the Dose Ranging Designs — Emax module.

o Enrollment Specifications: This table shows the average number of patients assigned to the

placebo and the drug in the simulated trials, the average accrual duration and the average

duration of the study.

— Pbo. Sample Size: The average number of patients treated at the placebo in the simu-

lated trials.

— Drug Sample Size: The average number of patients treated at the drug in the simulated

trials.

— Total Sample Size: The average total number of patients treated at both the placebo and

the drug in the simulated trials.

— Accr. Dur.: The average duration of the patient accrual in the simulated trials.

— Study Dur.: The average study duration when the responses of all patients are observed

in the simulated trials.

e Average Sample Size: This table shows the average number of patients treated at the placebo

and all treatment arms of the drug in the simulated trials.

o Test Statistics: This table provides the observed value for the associated test Statistics, the

estimated power for these tests, and the pooled standard deviation.

— tnmax & tnmax Power: t test comparing the mean response of the placebo with that of

the dose group which has the most allocation. This test statistic for continuous response
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View Input

View Output

Summary

Enrollment Specifications

Pbo. Drug Total  Accr.pur,  Study
Sample Sample Sample Dur.
Size Size Size
200 400 600 300.00 300.00

Average Sample Size

Pbo. D1 D2 D3 D4 D5 Total

200.00 | 179.73 | 62.23| 38.25 28.20| 91.59 600.00
Test Statistics
tnmax = thmax tslope tslope  Pooled
Pow Power  Standard
Deviation
5.796 0.990 6.967 1.000 8.977

n
=]

% Allocation

=)

Overall Allocation (%)

3.II
0 i > 4 5

2 3
Dose Level (#)

Figure 11.8: Summary in the outputs of the Dose Ranging Designs — Emax module.

is defined as follows.

1 1
A i Y g 21 Y0
Mmax 5
1 1
where y;; denotes the response of the ith subject (¢ = 1,--- ,n;) observed at dose j,

j = 0 denotes the placebo, j* is the dose index that has the maximum subject allocation,

and s denotes the pooled standard deviation defined as,

2 1

(11.1)

Here, s5 = > (Wi — gj)2 and g; represents the average response of subjects at

J - nj—l
dose j.

For each simulation, significance is determined by comparing |ty | with the 1 — a//2

percentile of the t-distribution with N — J — 1 degrees of freedom, and N denotes the

total number of subjects in the trial.

— tslope & tslope Power: test of trend in the case of continuous endpoints. We assume

the model is y; = o + Bd; + ¢;, where y; is the response of subject ¢ and d; is the dose
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assigned to subject 7,7 = 1,--- , N. N denotes the total number of subjects in the trial.

The t-test statistic for the slope to measure the dose response effect is

b

where

Here, 7 is the mean response of total N subjects, d = =i

anddzﬂ—ﬁaﬁ

— Pooled Standard Deviation: See (11.1).

11.2.3.2 Estimates

tslope =

«(3)

A~

g

y

Zz‘ (yz - ?j) (di - d)

Zi (di - @2

This section displays two tables and one line plot as shown in Figure 11.9.

Estimates
Means
Method Pbo. D1 D2 D3 D4 D5
Mean Mean Mean Mean Mean Mean
True 5.000 9.635 10.811 11.547| 12.082  12.500
Value
Average 4.977 9.613| 10.950 11.811| 12.109 12.767
Bayesian 5.181 9.694 10.929 4 11.558| 11.941 12.205
Bayesian Parameter Estimates
E0  EmaxMean ED50Mean HillMean  EOStd. Emax Std.
Mean Dev. Dev.
5.181 10.913 2.970 0.905 0.658 1.257

Mean

Means: Summary

Method
-»- Bayesian
True Value

2 3 4 5
Dose Level (#)

Figure 11.9: Estimates in the outputs of the Dose Ranging Designs — Emax module.
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e Means: This table displays the estimated mean response of each dose group by Bayesian

methods.

e Bayesian Parameter Estimates: This table displays the estimates of the parameters by

Bayesian methods.

e Mean: Summary: This line plot displays the estimates of the mean response and the true
response value of each dose group.
11.2.3.3 Target Analysis

In the Target Analysis section, there are two tables summarizing the information on the true target

dose and the estimated target dose from simulation (Figure 11.10).

Target Analysis

True Targets

Dose TargetDose  Target Dose Act.
Unit Cont.

# 1.250 1.000

Estimated Targets

% TargetDose  TargetDoseAct. %At o Near Target % Bias % Error
Dose Cont. Target
92.000 2.215 2.000 18.478 54.348 | 77.185 78.189

Figure 11.10: Target Analysis in the outputs of the Dose Ranging Designs — Emax module.

e True Targets: This table contains the information on the true target dose on the continuous
scale as well as from the actual doses available. East Bayes calculates the true target dose
on the continuous scale based on the dose response curve (§11.2.2.3) and the target objective
specified in the design section (§11.2.2.1). If the calculated dose is in the range of studied dose
levels, it will be rounded to the nearest dose value. If the target dose level on the continuous
scale is out of the range of the studied doses, the cells corresponding to the true target dose on
the continuous scale and the actual target dose are left empty, which indicates the target dose

is not achievable in the range of studied doses.

— Target Dose Cont.: The true target dose on the continuous scale.
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— Target Dose Act.: The true target dose within the studied dose range, obtained by
rounding the true target dose on the continuous scale to a dose within the range of

studied doses.

o Estimated Targets: This table summarizes the information on estimated target doses. If the
true target dose on the continuous scale is out of the range of the studied doses, the table is

left empty. Explanations of the entries in this table are given below:

— % Dose: The percentage of successfully finding the target dose.

— Target Dose Cont.: The estimated target dose on the continuous scale averaged over

those simulations which successfully identify a target dose.

— Target Dose Act.: The estimated target dose within the studied dose range, obtained by
rounding the estimated target dose on the continuous scale to a dose within the range of

studied doses.

— % At Target: The percentage of times that the true target dose is selected as a target

dose.

— % Near Target: The percentage of times that the estimated target dose is adjacent to

the true target dose.
— % Bias: The percentage of bias in estimating the target dose.

— % Error: The percentage of mean square error in estimating the target dose. This is a

measure of how well the estimated mean response fits the true one.
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11.3 Statistical Methods Review

11.3.1 Emax Bayesian Design
11.3.1.1 Probability Model

Suppose there are (J + 1) doses including placebo denoted by dy,d;,da,- -+ ,ds (dy denotes

placebo, i.e., dy = 0). The mean response observed at dose D, D € {dy,d1,da,--- ,d s} is given
by
E(Y | D) :Eg—f—EI;aixDS, with S > 0, EDsg > 0. (11.2)
EDz, + D%
Let y;; denote the response of the ith subject (i = 1,--- ,n;) observed at dose j. And we assume

y;j follows a normal distribution with independent error €;; ~ N (0, 0—2),
yi; = E(Y | dj) + €5, fori=1,---,nj;57=0,1,---,J.

E(Y | D) is a monotonically increasing function of D. The minimum of E(Y | D) occurs at
D =dy,i.e., D =0, where E(Y | D) = Ey. The upper asymptote is Ey + Emax, so that Ej is the
baseline (minimal) response and Ep,yx is the range of E(Y | D) values.

E max
2 )

E(Y | D = EDsy) = Ey +

so that E Dy is the dose with an expected response midway between minimum and maximum
responses.
The derivative of E(Y | D) at D = EDs is
Eimax

For fixed Fnax and E Dsg, the derivative is proportional to S. .S is often called the Hill parameter.
Likelihood Function:

2

J S

1 Ernaxd'
L(y | Ey, Emax, ED50, S, 0) o< 0 Nex ——E ni g — | BEg + —e——L—
(y| 05 £“max 50 ) p 252 = J [yJ ( 0 ED5SO—|-df

where IV denotes the total number of subjects in the trial, and y; average response of subjects at
dose j.

Prior Models: The joint Bayesian model can be written as

L(y | Eo, Emax, EDs0, S, 0)p(E0)p(Emax)p(EDso)p(S)p(o) (11.3)
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The following independent prior distributions are used,
Ey ~ N(mg,, 51250)

Emax ~ N(mEmax7 SQE'max)
log(ED5U) ~ N(mED507 S%Dso)

S~ N—i‘(mSvS?S')

o? ~ InverseGammal(a, b)

where N, () denotes a truncated normal distribution with the left truncation of 0.

Posterior Inference: The model is flexible enough to adequately approximate many different fami-

lies of parametric monotone dose-response curves. There is no available closed form representation

of the joint posterior distribution of the parameters, so an MCMC sampling algorithm is used.
Based on the joint model (11.3), posterior samples for the parameters are obtained using

MCMC simulations. Posterior inference will be based on the sampled values from B + 1 to 7T,

where is a user-specified burn-in period. The default values are B = 5000, T' — B = 10000.

11.3.1.2 Trial Design

The Emax design allocate the first cohort of patients with user-specified initial allocation ratios

(§11.2.2.3). The allocation rule for subsequent cohorts is defined in §11.3.1.3.

11.3.1.3 Target and Allocation Ratio

In East Bayes, users define the actual target value of response as difference from the placebo. Let ¢
index the target dose and g(d;) denote the posterior mean of the expected response at dose d;. We

use an expected utility «; of assigning dose d; to a single future subject,
u;j = var (g(d;)) Pr(d; = dy),

where the quantities var (g(d;)) and Pr(d; = d,) are estimated using MCMC chains. Allocation
is performed on a cohort-by-cohort basis, where all subjects in the current cohort are allocated in a
block randomization fashion using rounded values computed from randomization ratios
— Uj
= — )

D k=1 Uk

The placebo does is intentionally left out of this calculation as it is assumed that a pre-specified

&

number of subjects will be allocated to the placebo for each cohort.
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12. Bayesian Group Sequential Designs

12.1 Introduction

This module provides Bayesian approaches to the monitoring of group sequential designs (GSD).
Bayesian approaches offer more flexibility in terms of defining success and futility criteria at interim
analysis while also allowing for the inclusion of prior information on the treatment effect. The
implementation is based on Gerber et al. (2016). The R package gsbDesign in Gerber et al. (2016)
is used to evaluate the operating characteristics of the Bayesian group sequential designs. In the
module Bayesian Group Sequential Designs, we consider clinical trials with interim analyses and
provide options to include multiple success and/or futility criteria at each interim and final analysis.
Simulations are used to generate operating characteristics for the Bayesian group sequential designs.

In this module, we compare a treatment with a control where the following different endpoints

are currently available:
e Normal: The effect size is the difference of two means,
o Binomial: The effect size is the logarithm of odds ratio,
e Time-to-event: The effect size is the logarithm of hazard ratio.

Although the original implementation only supports two-arm Bayesian designs with normal
endpoints, and known standard deviations of the effects in the treatment and control arms, we ex-
tended the framework to support both binomial and time-to-event endpoints using some transforma-
tion and large sample approximation theory.

Group sequential designs are adaptive designs that have one or more interim analyses, where
decisions are made so that we could to continue the trial until the end or stop early because of
success or futility. One of the main advantages is that if the treatment is not effective, the futile

trials can be stopped early. For a sponsor, this could save a lot of time and money. On the other
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hand, trials can be also stopped early for success, which may result in faster access to the new
treatment. As the major aspect of a group sequential design lies on the decision at each interim
analysis on whether to stop or continue the trial, Bayesian methodologies are used in the monitoring
of group sequential clinical trials as they are well suited for decision-making process. Bayesian
framework also helps to incorporate external information by bringing in informative priors. Gerber
et al. (2016) considers Bayesian group sequential designs that incorporate decision making based
on the posterior distribution of the difference between the treatment and the control arms.

In this module several stopping criteria based on this posterior distribution could be combined.
This combination of multiple criteria goes beyond the scope of the significance testing framework in
classical group sequential designs (Gerber et al., 2016). The package gsbDesign not only incorpo-
rates prior information but also allows the user to specify multiple decision criteria that are provided

using two thresholds given below:
e Threshold on the effect size,
e Threshold on the posterior probability.

Evaluating the operating characteristics of the Bayesian group sequential design is essential
once stopping criteria have been defined to correspond with clinical decision-making. In order to
do that, some true effects of the control and the treatment arms are assumed and the probability of
stopping for success or futility, as well as the expected sample size (ESS), are calculated (Gerber
et al., 2016).

In this module, currently both non-informative as well as user defined informative priors can
be used. In a future release we are planning to use Meta Analytic Predictive (MAP) Priors [now

as a separate module in East Bayes] in designing group sequential studies.

12.2 User Interface and Tutorial

12.2.1 Normal Endpoints

Upon entering the Bayesian Group Sequential Designs — Normal Endpoint page, two main tabs
are presented: Inputs and Outputs. The first tab allows users to conduct simulations, and the
second tab allows users to visualize/download simulation results. In the Inputs tab, there are two
steps (Figure 12.1): 1) Design Settings, and 2) Simulation Settings. Users need to complete Step
1, and click the “Apply” button to edit Step 2. Upon completion of both two steps, users click the
“Simulate” button at the bottom of the page.
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After the simulation is launched, the results of simulations will be displayed in the Outputs

tab. In the Qutputs tab, users may also click the “Download All” button to download a Rds file

including inputs and outputs of this simulation job, or click the “Back to Input” button to reset these

settings. Detailed steps of using this module are described in §12.2.1.1-§12.2.1.2.

Bayesian Group Sequential Design - Normal

Help Document

Outputs

Step 1: Design Settings

Design Inputs Stopping Criteria @
#of Looks © # of Success Criteria by Look
2 v 1
Sample Size Per Arm and Per Look e Look Effect Size
Look Control Treatment 1 0
1 20 20

# of Futility Criteria by Look
2 20 20

1
Variance in Trial Arms @

@ Equal O Unequal Look Effect Size
1 0
Common Variance
1 Criterion at the Final Look
Look Effect Size
2 1

Step 2: Simulation Settings

True Values Simulation Controls @
Update Treatment Effect © nsim
Treatment Effect Per Arm 1000
Min. Effect Size Max. Effect Size
Seed
-2 3
12345

# of Scenarios

3

Type of Null Hypothesis @

Positive is beneficial Negative is beneficial

Probability
0.95

Probability
0.5

Probability
0.8

Prior Information

Type of Prior @

@ Vague O Informative

Apply

Figure 12.1: Inputs in the Bayesian Group Sequential Designs — Normal Endpoint.
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12.2.1.1 Inputs

Step 1: Design Settings

In Design Settings, three parts, Design Inputs, Stopping Criteria and Prior Information, need
to specify. The detailed explanation of these input arguments is provided in Tables 12.1, 12.2, and
12.3.

Table 12.1: Design Inputs in the Bayesian Group Sequential Designs — Normal Endpoint.

Parameters Description

# of Looks The number of looks. The range is [1, 5]. The default value is 2.

Sample Size Per Arm | The sample size allocated to the control and treatment arms at each
and Per Look look. The range is [1, 10000]. The default values are both {20, 20}

for the control and treatment arms.

When “Equal” of Variance in Trial Arms is selected,

Common Variance The common variance of the control and treatment arms. The range

is (0, 400). The default value is 1.

When “Unequal” of Variance in Trial Arms is selected,

Control The variance of the control arm. The range is (0, +00). The default
value is 1.
Treamtent The variance of the treatment arm. The range is (0, +o00). The

default value is 2.

Click the “Apply” button (Figure 12.2) to confirm the input design settings. The “Apply”

button changes to “Edit” and can be clicked again to change design settings as needed.
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Table 12.2: Stopping Criteria in the Bayesian Group Sequential Designs — Normal Endpoint.

Parameters Description

Success Criteria

# of Success Criteria by | The number of success criteria at interim looks. The range is [0, #
Look of Looks - 1]. The default value is 1.

Look The interim look number of the corresponding success criterion.
The range is [1, # of Looks - 1]. The default value is 1.

Effect Size Effect threshold in the corresponding success criterion. The range

is (—00, +00). The default value is 0.

Probability Probability threshold in corresponding the success criterion. The
range is (0, 1). The default value is 0.95.

Futility Criteria

# of Futility Criteria by | The number of futility criteria at interim looks. The range is [0, #
Look of Looks - 1]. The default value is 1.

Look The interim look number of the corresponding futility criterion.

The range is [1, # of Looks - 1]. The default value is 1.

Effect Size Effect threshold in the corresponding futility criterion. The range

is (—o0, +00). The default value is 0.

Probability Probability threshold in the corresponding futility criterion. The
range is (0, 1). The default value is 0.5.

Criterion at the Final Look

Effect Size Effect threshold in the criterion at the final look. The range is
(—00, 400). The default value is 1.

Probability Probability threshold in the criterion at the final look. The range is
(0,1). The default value is 0.8.
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Table 12.3: Prior information in the Bayesian Group Sequential Designs — Normal Endpoint.

Parameters

Description

When “Informative” of Type of Prior and Prior on “Effect Size” are selected,

Mean

Prior treatment effect mean. The range is (—oo, +00). The default

value is 3.

Effective Sample Size

on Control

Effective sample size on the control arm. The range is (0, +00).

The default value is 2.

Effective Sample Size

on Treamtent

Effective sample size on the treatment arm. The range is (0, +00).

The default value is 1.

When “Informative” of Type of Prior and Prior on “Arm-wise” are selected,

Control Mean

Prior effect mean of the control arm. The range is (—o0, 4+00).

The default value is 3.

Effective Sample Size

on Control

Effective sample size on the control arm. The range is (0, +00).

The default value is 2.

Treamtent Mean

Prior effect mean of the treamtent arm. The range is (—oo, +00).

The default value is 3.

Effective Sample Size

on Treamtent

Effective sample size on the treatment arm. The range is (0, +00).

The default value is 1.
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Step 1: Design Settings

Design Inputs

# of Looks @

Stopping Criteria @

# of Success Criteria by Look

1

Prior Information

Type of Prior ©

Vague Informative

Sample Size Per Arm and Per Look (2] Look Effect Size Probability
Look Control Treatment 1 Y e
1 20 20
# of Futility Criteria by Look
2 20 20
1
Variance in Trial Arms @
Equal Unequal Look Effect Size Probability
1 0 0.5
Common Variance
1 Criterion at the Final Look
Look Effect Size Probability
2 1 0.8

point.

Figure 12.2: Apply design settings in the Bayesian Group Sequential Designs — Normal End-
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Step 2: Simulation Settings
In Simulation Settings, two parts, True Values and Simulation Controls, need to specify. For
True Values, there are two ways to specify scenarios, setting effect size (“Treatment Effect” is

selected, see Figure 12.3) or effect per arm (‘“Per Arm” is selected, see Figure 12.4).

e “Treatment Effect”: Set the minimum effect size (Min. Effect Size), the maximum effect size
(Max. Effect Size), and the number of scenarios (1 < # of Scenarios < 20). These generated
scenarios would be a sequnce with the length of # of Scenarios and the identical increments

from Min. Effect Size to Max. Effect Size.

e “Per Arm”: First set the number of scenarios, and then the effect per arm need to specify

manually.

And there are two sets of radio button, “Positive is beneficial” and “Negative is beneficial”. The
options are the directions of the hypothese. In the simulation, the success and futility criteria are
fixed as specified in Design Settings and we change the direction of scenarios accordingly.

The detailed explanation of these input arguments in Simulation Controls is provided in Table
12.4.

True Values True Values

Update Treatment Effect @ Update Treatment Effect ©

@ Treatment Effect O PerArm (O Treatment Effect @® Per Arm

# of Scenarios

Min. Effect Size Max. Effect Size
2 3 3
# of Scenarios Control Treatment
-10 -15
3
0 0
10 15

Type of Null Hypothesis ©
o o o . Type of Null Hypothesis @
@ Positive is beneficial (O Negative is beneficial
@ Positive is beneficial (O Negative is beneficial

Figure 12.3: True Values when “Treatment Figure 12.4: True Values when “Per Arm” is
Effect” is selected in the Bayesian Group selected in the Bayesian Group Sequential
Sequential Designs — Normal Endpoint. Designs — Normal Endpoint.
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Table 12.4: Simulation Controls in the Bayesian Group Sequential Designs — Normal Endpoint.

Parameters Description

nsim The number of simulated trials. The maximum number of simu-

lated trials allowed is 10,000. The default value is 1000.

Seed The random seed of simulation. The default value is 12345.

12.2.1.2 Outputs

In the Outputs tab, users can view the simulation results, and download simulation results with rds
format.
Details of the Simulation Results

The simulation results are divided into two parts, A. Expected Sample Size, and B. Simulation
Outputs.
A. Expected Sample Size

The table and the figure show the expected sample size for each scenario.

Expected Sample Size (ESS)

Effect Expected Sample Size

Size ESS

-2.000  40.000

0.500 59.320

3.000  40.000

Sample Size

T T T T T T
2 -1 0 1 2 3

Effect Size

Figure 12.5: Expected Sample Size in the Bayesian Group Sequential Designs — Normal End-

point.

B. Simulation Outputs

These tables and figures show the operating characteristics under each scenario. For Operating
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Characteristics,
e Prob. Success: probability of early declaring efficacy at each look.
e Prob. Futility: probability of early declaring futility at each look.
For Cumulative Operating Characteristics,
e Prob. Success: cumulative probability of early declaring efficacy at each look.
e Prob. Futility: cumulative probability of early declaring futility at each look.
e Prob. Indeterminate: cumulative probability of indeterminate decision at each look.

Download Simulation Results
There is a “Download All” button found at the left bottom in the Output tab. Click it to
download a Rds file, which includes all inputs and outputs of the launched simulation job. Users

may also load it using readRDS function and with lattice package loaded in R.
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Simulation Outputs

Operating Characteristics

Show -

Back to Input

& Download All

Effect Size Look Prob. Success Prob. Futility
2 1 0.000 1.000
2 2 0.000 0.000
05 1 0.473 0.044
05 2 0.000 0.483
g i 1.000 0.000
3 2 0.000 0.000
Showing 1 to 6 of 6 entries Previous Next
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' ' i_ook 1I ‘ ' i_ook é '
1.0 4
0.8
2 06
g
o
Q
[
o 04+
02 -
0.0
T T T T T T T T T T
2 1 o 1 2 3 2 1 o 1 2
Effect Size
success futility ———

Cumulative Operating Characteristics

Show - entries

Effect Look Prob. Prob. Prob.
Size Success Futility Indeterminate
2 1 0.000 1.000 0.000
2 2 0.000 1.000 0.000
05 1 0.473 0.044 0.483
05 2 0.473 0.527 0.000
3 1 1.000 0.000 0.000
3 2 1.000 0.000 0.000
Showing 1 to 6 of 6 entries Previous ‘T‘ Next

Cumulative Operating Characteristics

1 | | L

L 1 L 1
Look 1 Look 2

1.0 L
08 -

2 06 L

=

©

Q

[

a 04 L
02 - -
0.0 -

T T T T T T T T T T T T
2 1 0 1 2 3 =2 1 0 1 2 3

Effect Size

ative success cumulative futility ——— cumulative indeterminal

Figure 12.6: Simulation Outputs in the Bayesian Group Sequential Designs — Normal Endpoint.
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12.2.2 Binomial Endpoints

Upon entering the Bayesian Group Sequential Designs — Binomial Endpoint page, two main
tabs are presented: Inputs and Outputs. The first tab allows users to conduct simulations, and the
second tab allows users to visualize/download simulation results. In the Inputs tab, there are two
steps (Figure 12.7): 1) Design Settings, and 2) Simulation Settings. Users need to complete Step
1, and click the “Apply” button to edit Step 2. Upon completion of both two steps, users click the
“Simulate” button at the bottom of the page.

After the simulation is launched, the results of simulations will be displayed in the Outputs
tab. In the Qutputs tab, users may also click the “Download All” button to download a Rds file
including inputs and outputs of this simulation job, or click the “Back to Input” button to reset these

settings. Detailed steps of using this module are described in §12.2.2.1-§12.2.2.2.
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Bayesian Group Sequential Design - Binomial

Help Document

Outputs

Step 1: Design Settings

Design Inputs

#of Looks &

2 -

Sample Size Per Arm and Per Look e

Look Control Treatment
1 20 20
2 20 20

Step 2: Simulation Settings

True Values

Update Treatment Effect @
Treatment Effect Per Arm

Min. log 0dds Ratio Max. log Odds Ratio

-1 0.5

Min. Control Response
Rate Rate

01 0.3

# of Scenarios

3

Type of Null Hypothesis @&

Positive is beneficial Negative is beneficial

Max. Control Response

Stopping Criteria @

# of Success Criteria by Look

1
Look Effect Size
1 0

# of Futility Criteria by Look

1

Look Effect Size
1 0

Criterion at the Final Look
Look Effect Size
2 0

Simulation Controls @
nsim

1000
Seed

12345

Prior Information
Type of Prior @

- @® Vague O Informative

Probability
0.95

Probability
0.5

Probability
0.8

Figure 12.7: Inputs in the Bayesian Group Sequential Designs — Binomial Endpoint.
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12.2.2.1 Inputs

Step 1: Design Settings

In Design Settings, three parts, Design Inputs, Stopping Criteria and Prior Information, need

to specify. The detailed explanation of these input arguments is provided in Tables 12.5, 12.6, and
12.7.

Table 12.5: Design Inputs in the Bayesian Group Sequential Designs — Binomial Endpoint.

Parameters Description

# of Looks The number of looks. The range is [1,5]. The default value is 2.

Sample Size Per Arm | The sample size allocated to the control and treatment arms at each
and Per Look look. The range is [1, 10000]. The default values are both {20, 20}

for the control and treatment arms.

Click the “Apply” button (Figure 12.8) to confirm the input design settings. The “Apply”

button changes to “Edit” and can be clicked again to change design settings as needed.

Step 1: Design Settings

Design Inputs Stopping Criteria & Prior Information
# of Looks @ # of Success Criteria by Look Type of Prior @
Vague Informative
Sample Size Per Arm and Per Look e Look Effect Size Probability
Look Control Treatment 1 0 0.95
1 20 20
# of Futility Criteria by Look
2 20 20

Look Effect Size Probability
1 0 0.5
Criterion at the Final Look
Look Effect Size Probability
2 0 0.8

Figure 12.8: Apply design settings in the Bayesian Group Sequential Designs — Binomial End-
point.
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Table 12.6: Stopping Criteria in the Bayesian Group Sequential Designs — Binomial Endpoint.

Parameters Description

Success Criteria

# of Success Criteria by | The number of success criteria at interim looks. The range is [0, #
Look of Looks - 1]. The default value is 1.

Look The interim look number of the corresponding success criterion.
The range is [1, # of Looks - 1]. The default value is 1.

Effect Size Effect threshold in the corresponding success criterion. The range

is (—00, +00). The default value is 0.

Probability Probability threshold in corresponding the success criterion. The
range is (0, 1). The default value is 0.95.

Futility Criteria

# of Futility Criteria by | The number of futility criteria at interim looks. The range is [0, #
Look of Looks - 1]. The default value is 1.

Look The interim look number of the corresponding futility criterion.

The range is [1, # of Looks - 1]. The default value is 1.

Effect Size Effect threshold in the corresponding futility criterion. The range

is (—o0, +00). The default value is 0.

Probability Probability threshold in the corresponding futility criterion. The
range is (0, 1). The default value is 0.5.
Criterion at the Final Look

Effect Size Effect threshold in the criterion at the final look. The range is

(—00, 400). The default value is 0.

Probability Probability threshold in the criterion at the final look. The range is
(0,1). The default value is 0.8.
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Table 12.7: Prior information in the Bayesian Group Sequential Designs — Binomial Endpoint.

Parameters

Description

When “Informative” of Type of Prior and Prior on “Effect Size” are selected,

Log Odds Ratio Mean

Prior log odds ratio mean. The range is (—oo, +00). The default

value is 1.

Effective Sample Size

on Control

Effective sample size on the control arm. The range is (0, +00).

The default value is 2.

Effective Sample Size

on Treamtent

Effective sample size on the treatment arm. The range is (0, +00).

The default value is 1.

When “Informative” of Type of Prior and Prior on “Arm-wise” are selected,

Control Log Odds Mean

Prior log odds mean of the control arm. The range is (—o0, +00).

The default value is 1.

Effective Sample Size

Effective sample size on the control arm. The range is (0, +00).

on Control The default value is 2.
Treatment Log Odds | Prior log odds mean of the treamtent arm. The range is
Mean (=00, +00). The default value is 1.

Effective Sample Size

on Treamtent

Effective sample size on the treatment arm. The range is (0, +00).

The default value is 1.
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Step 2: Simulation Settings

In Simulation Settings, two parts, True Values and Simulation Controls, need to specify. For

True Values, there are two ways to specify scenarios, setting effect size (“Treatment Effect” is

selected, see Figure 12.9) or effect per arm (‘“Per Arm” is selected, see Figure 12.10).

e “Treatment Effect”: Set the minimum log odds ratio (Min. log Odds Ratio), the maximum

log odds ratio (Max. log Odds Ratio), and the number of scenarios (1 < # of Scenarios <

20). These generated scenarios would be a sequnce with the length of # of Scenarios and the

identical increments from Min. log Odds Ratio to Max. log Odds Ratio.

e “Per Arm”: First set the number of scenarios, and then the effect per arm need to specify

manually.

And there are two sets of radio button, “Positive is beneficial” and ‘“Negative is beneficial”. The

options are the directions of the hypothese. In the simulation, the success and futility criteria are

fixed as specified in Design Settings and we change the direction of scenarios accordingly.

The detailed explanation of these input arguments in Simulation Controls is provided in Table

12.8.

True Values

Update Treatment Effect @

@ TreatmentEffect O PerArm

Min. log Odds Ratio Max. log 0dds Ratio
-1 0.5

Min. Control Response Rate Max. Control Response Rate
0.1 0.3

# of Scenarios

3

Type of Null Hypothesis @

@ Positiveis beneficial O Negative is beneficial

Figure 12.9: True Values when “Treatment
Effect” is selected in the Bayesian Group

Sequential Designs — Binomial Endpoint.

True Values

Update Treatment Effect ©

O Treatment Effect @ PerArm

# of Scenarios

3

Control Response Rate Treatment Response Rate

0.2 0.2
0.3 0.35
0.4 0.5

Type of Null Hypothesis &

@ Positive is beneficial O Negative is beneficial

Figure 12.10: True Values when “Per Arm”
is selected in the Bayesian Group Sequen-

tial Designs — Binomial Endpoint.
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Table 12.8: Simulation Controls in the Bayesian Group Sequential Designs — Binomial End-

point.
Parameters Description
nsim The number of simulated trials. The maximum number of simu-
lated trials allowed is 10,000. The default value is 1000.
Seed The random seed of simulation. The default value is 12345.

12.2.2.2 Outputs

In the Outputs tab, users can view the simulation results, and download simulation results with rds
format.
Details of the Simulation Results

The simulation results are divided into two parts, A. Expected Sample Size, and B. Simulation
Outputs.
A. Expected Sample Size

The table and the figure show the expected sample size for each scenario.

Expected Sample Size (ESS)

Expected Sample Size

True Odds Ratio  Effect Size (log(OR)) ESS
0.368 -1.000  40.440 ' '
0.779 0.250  45.880
48 o
1649 0.500  48.960

46 -

Sample Size

42 o

T T T T
1.0 0.5 0.0 0.5

Effect Size (log(OR))

Figure 12.11: Expected Sample Size in the Bayesian Group Sequential Designs — Binomial

Endpoint.

B. Simulation Outputs

These tables and figures show the operating characteristics under each scenario. For Operating
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Characteristics,

e Prob. Success: probability of early declaring efficacy at each look.

e Prob. Futility: probability of early declaring futility at each look.

For Cumulative Operating Characteristics,

e Prob. Success: cumulative probability of early declaring efficacy at each look.

e Prob. Futility: cumulative probability of early declaring futility at each look.

e Prob. Indeterminate: cumulative probability of indeterminate decision at each look.

Simulation Outputs

Operating Characteristics

Cumulative Operating Characteristics

Operating Characteristics

Probability

& Download All

Back to Input

ook 1 Tookz
10 o5 00 05 1o 05 00 05
Effect Size (log(OR)
success futiy ——

Cumulative Operating Characteristics

Show[10_w | entries Search: [ ] show entries sacht| = ]
Odds Ratio Effect Size (log(OR)) Lok Prob. Success Prob. Futility Odds Ratio Effect Size (log(OR)) Lok Prob. Success ~ Prob. Futility Prob. Indeterminate
0.368 1 1 0.000 0.989 0.368 -1 1 0.000 0.989 0.011
0.368 1 2 0.000 0.011 0.368 102 0.000 1.000 0.000
0779 025 1 0.001 0852 0779 025 1 0.001 0852 0147
0.779 025 2 0.000 0.147 0.779 025 2 0.001 0.999 0.000
1.649 05 1 0.765 0.011 1.649 05 1 0.765 0.011 0.224
1.649 05 2 0.224 0.000 1.649 05 2 0.989 0.011 0.000
Showing 1 to 6 of 6 entries Previous. ] Next Showing 1to 6 of 6 entries el

i
Previous | 1 | Next

Look 1

Took2

Probability

5 00

cumulative success

cumulative futllty ——

05 -0 o5
Effect Size (Iog(OR))

00

cumulative Indeterminate

Figure 12.12: Simulation Outputs in the Bayesian Group Sequential Designs — Binomial End-

point.

Download Simulation Results

There is a “Download All” button found at the left bottom in the Qutput tab. Click it to

download a Rds file, which includes all inputs and outputs of the launched simulation job. Users

may also load it using readRDS function and with lattice package loaded in R.
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12.2.3 Time-to-Event Endpoints

Upon entering the Bayesian Group Sequential Designs — Time to Event Endpoint page, two main
tabs are presented: Inputs and Outputs. The first tab allows users to conduct simulations, and the
second tab allows users to visualize/download simulation results. In the Inputs tab, there are two
steps (Figure 12.13): 1) Design Settings, and 2) Simulation Settings. Users need to complete Step
1, and click the “Apply” button to edit Step 2. Upon completion of both two steps, users click the
“Simulate” button at the bottom of the page.

After the simulation is launched, the results of simulations will be displayed in the Outputs
tab. In the Qutputs tab, users may also click the “Download All” button to download a Rds file
including inputs and outputs of this simulation job, or click the “Back to Input” button to reset these

settings. Detailed steps of using this module are described in §12.2.3.1-§12.2.3.2.
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Help Document

Outputs

Step 1: Design Settings

Design Inputs

Min. log Hazard Ratio
=1
# of Scenarios

3

Positive is beneficial

#of Looks @
2 -
Sample Size Per Arm and Per Look (]
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Step 2: Simulation Settings
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Update Treatment Effect &
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Max. log Hazard Ratio

0.5
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1

Look Effect Size
1 o
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1

Look Effect Size
1 o

Criterion at the Final Look
Look Effect Size
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Simulation Controls @
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12345
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0.95

Probability
0.5

Probability
0.8

Apply

Figure 12.13: Inputs in the Bayesian Group Sequential Designs — Time to Event Endpoint.
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12.2.3.1 Inputs

Step 1: Design Settings

In Design Settings, three parts, Design Inputs, Stopping Criteria and Prior Information, need
to specify. The detailed explanation of these input arguments is provided in Tables 12.9, 12.10, and
12.11.

Table 12.9: Design Inputs in the Bayesian Group Sequential Designs — Time to Event Endpoint.

Parameters Description
# of Looks The number of looks. The range is [1,5]. The default value is 2.

Sample Size Per Arm | The sample size allocated to the control arm at each look. By de-
and Per Look (Editable | fault, the sample sizes allocated to the control and treatment arms
only for the control arm) | are the same at each look. The range is [1,10000]. The default

values are {20, 20} for the control arm.

Click the “Apply” button (Figure 12.14) to confirm the input design settings. The “Apply”

button changes to “Edit” and can be clicked again to change design settings as needed.

Step 1: Design Settings

Design Inputs Stopping Criteria @ Prior Informaticn
# of Looks @ # of Success Criteria by Look Type of Prior @
Vague Informative
Sample Size Per Arm and Per Look (7] Look Effect Size Probability
Look Control Treatment - u LD
1 20 20
# of Futility Criteria by Look
2 20 20

Look Effect Size Probability
1 0 0.5
Criterion at the Final Look
Look Effect Size Probability
2 0 0.8

Figure 12.14: Apply design settings in the Bayesian Group Sequential Designs — Time to Event

Endpoint.
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Table 12.10: Stopping Criteria in the Bayesian Group Sequential Designs — Time to Event End-

point.

Parameters Description

Success Criteria

# of Success Criteria by | The number of success criteria at interim looks. The range is [0, #
Look of Looks - 1]. The default value is 1.

Look The interim look number of the corresponding success criterion.
The range is [1, # of Looks - 1]. The default value is 1.

Effect Size Effect threshold in the corresponding success criterion. The range

is (—o0, +00). The default value is 0.

Probability Probability threshold in corresponding the success criterion. The
range is (0, 1). The default value is 0.95.

Futility Criteria

# of Futility Criteria by | The number of futility criteria at interim looks. The range is [0, #
Look of Looks - 1]. The default value is 1.

Look The interim look number of the corresponding futility criterion.
The range is [1, # of Looks - 1]. The default value is 1.

Effect Size Effect threshold in the corresponding futility criterion. The range

is (—o0, +00). The default value is 0.

Probability Probability threshold in the corresponding futility criterion. The
range is (0, 1). The default value is 0.5.

Criterion at the Final Look

Effect Size Effect threshold in the criterion at the final look. The range is
(=00, +00). The default value is 0.

Probability Probability threshold in the criterion at the final look. The range is
(0,1). The default value is 0.8.
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Table 12.11: Prior information in the Bayesian Group Sequential Designs — Time to Event End-

point.

Parameters

Description

When “Informative” of Type of Prior and Prior on “Effect Size” are selected,

Log Hazard Ratio Mean

Prior log hazard ratio mean. The range is (—oo, +00). The default

value is 1.

Effective Sample Size

on Control

Effective sample size on the control arm. The range is (0, +00).

The default value is 2.

Effective Sample Size

on Treamtent

Effective sample size on the treatment arm. The range is (0, +00).

The default value is 1.

When “Informative” of Type of Prior and Prior on “Arm-wise” are selected,

Control Log Hazard

Rate Mean

Prior log hazard rate mean of the control arm. The range is

(=00, +00). The default value is 1.

Effective Sample Size

on Control

Effective sample size on the control arm. The range is (0, +00).

The default value is 2.

Treatment Log Hazard

Rate Mean

Prior log hazard rate mean of the treamtent arm. The range is

(—00, 400). The default value is 1.

Effective Sample Size

on Treamtent

Effective sample size on the treatment arm. The range is (0, +00).

The default value is 1.

342




Cytel

12.2. User Interface and Tutorial
12.2.3. Time-to-Event Endpoints

Step 2: Simulation Settings

In Simulation Settings, two parts, True Values and Simulation Controls, need to specify. For

True Values, there are two ways to specify scenarios, setting effect size (“Treatment Effect” is

selected, see Figure 12.15) or effect per arm (“Per Arm” is selected, see Figure 12.16).

e “Treatment Effect”: Set the minimum log hazard ratio (Min. log Hazard Ratio), the maximum

log hazard ratio (Max. log Hazard Ratio), and the number of scenarios (1 < # of Scenarios <

20). These generated scenarios would be a sequnce with the length of # of Scenarios and the

identical increments from Min. log Hazard Ratio to Max. log Hazard Ratio.

e “Per Arm”: First set the number of scenarios, and then the effect per arm need to specify

manually.

And there are two sets of radio button, “Positive is beneficial” and “Negative is beneficial”. The

options are the directions of the hypothese. In the simulation, the success and futility criteria are

fixed as specified in Design Settings and we change the direction of scenarios accordingly.

The detailed explanation of these input arguments in Simulation Controls is provided in Table

12.12.

True Values

Update Treatment Effect @

@ TreatmentEffect O PerArm

Min. log Hazard Ratio Max. log Hazard Ratio

-1 0.5

# of Scenarios

3

Type of Null Hypothesis @&

O Positive is beneficial @ Negative is beneficial

Figure 12.15: True Values when “Treatment
Effect” is selected in the Bayesian Group
Sequential Designs — Time to Event End-

point.

True Values

Update Treatment Effect @
O Treatment Effect @ Per Arm

# of Scenarios

3

Control Hazard Rate Treatment Hazard Rate

0.25 0.25
0.625 0.375
1 0.5

Type of Null Hypothesis @

O Positiveis beneficial @ Negative is beneficial

Figure 12.16: True Values when “Per Arm”
is selected in the Bayesian Group Sequen-

tial Designs — Time to Event Endpoint.
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Table 12.12: Simulation Controls in the Bayesian Group Sequential Designs — Time to Event

Endpoint.
Parameters Description
nsim The number of simulated trials. The maximum number of simu-
lated trials allowed is 10,000. The default value is 1000.
Seed The random seed of simulation. The default value is 12345.

12.2.3.2 Outputs

In the Outputs tab, users can view the simulation results, and download simulation results with rds
format.
Details of the Simulation Results

The simulation results are divided into two parts, A. Expected Sample Size, and B. Simulation
Outputs.
A. Expected Sample Size

The table and the figure show the expected sample size for each scenario.

Expected Sample Size (ESS)

True Hazard Ratio  Effect Size (log(HR)) ESS Expected Sample Size

2.718 -0.500  48.080
1.284 0.250  62.320

0.607 1.000  58.440 60 r

Sample Size
o
&
|

T T T T
05 0.0 05 1.0

Effect Size (log(HR)}

Figure 12.17: Expected Sample Size in the Bayesian Group Sequential Designs — Time to Event
Endpoint.

B. Simulation Outputs

These tables and figures show the operating characteristics under each scenario. For Operating
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Characteristics,
e Prob. Success: probability of early declaring efficacy at each look.
e Prob. Futility: probability of early declaring futility at each look.
For Cumulative Operating Characteristics,
e Prob. Success: cumulative probability of early declaring efficacy at each look.
e Prob. Futility: cumulative probability of early declaring futility at each look.

e Prob. Indeterminate: cumulative probability of indeterminate decision at each look.

Simulation Outputs

Operating Characteristics Cumulative Operating Characteristics
Show[10_ ] entries Search: l:l Show entries Search: [:
True Hazard Ratio Effect Size (log(HR) ~ Look Prob. Success Prob. Futility True Hazard Effectsize | Prob. Prob. Prob.
Ratio (log(HR)) Success Futility Indeterminate
0.607 05 1 0.008 0.790
0.607 =05 1 0.008 0.790 0.202
0.607 05 2 0.013 0189
0.607 05 2 0.021 0.979 0.000
1.284 Lol Gl 0.092 0.350
1.284 NSE T 0.092 0.350 0.558
1.284 025 2 0.255 0.303
1.284 025 2 0.347 0.653 0.000
2.718 e 0.481 0.058
2718 Ly 0.481 0.058 0.461
2118 12 0.413 0.048
—— 2718 12 0.894 0.106 0.000
Showing 1to 6 of 6 entries Previous | 1 | Next —
Operating Characteristics Showing 1 to 6 of 6 entries Previous | 1 ‘ Next

Cumulative Operating Characteristics

Look 1 Look2 . ; A L ) ,
08 - F Look 1 Look2

Probability
2

Probability

—
05 00 05 10 05 00 05 10

r T — T r r
Effect Size (log(HR)) 05 00 05 10 05 00 05 10
success futilty —— Effect Size (log(HR))

& Download All Back to Input

cumulative success cumulative futility ——— cumulative indeterminate

Figure 12.18: Simulation Outputs in the Bayesian Group Sequential Designs — Time to Event

Endpoint.

Download Simulation Results
There is a “Download All” button found at the left bottom in the Output tab. Click it to
download a Rds file, which includes all inputs and outputs of the launched simulation job. Users

may also load it using readRDS function and with lattice package loaded in R.
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12.3 Statistical Methods Review

12.3.1 Normal Endpoints

Here first we discuss a general setup of the Bayesian design for adaptive two-arm clinical trials with
zero, one, or more interim analyses. At each analysis, the success and futility criteria are evalu-
ated to decide if the trial should be stopped. The model for normal endpoints assumes continuous
outcome data with error terms that are also normally distributed. We use N(-,-) and Np(-,-) to
denote normal distribution parametrized by variance and precision, respectively. Because some-
times parametrizing the normal distributions in terms of precision as opposed to variance makes the

analytical expressions simpler.

Based on the posterior distribution of the treatment effect the sopping criteria are constructed.
This treatment effect denotes the improvement of the treatment over the control and denoted by 9.
Although in principle an arbitrary number of success and futility criteria could be specified at each
analysis, we choose to restrict the number of maximum criteria from a practical implementation

point of view.

We follow the same formulation as given in Gerber et al. (2016) to specify the success and the

futility criteria. The criteria is given by:

P(§ > s|data)
P(§ < f|data) > g, (12.2)

v
i

(12.1)

respectively. Note that, s and f are user-specified thresholds for §. Also, p and ¢ are user specified

probability thresholds for success and futility, respectively.

Prior information in terms of prior distribution could be put either on treatment effect (9) or on
the effect in the control arm (y1) and the treatment arm (u») individually. Currently, we only work
with the prior that are distributed normally. In order to denote the variance for the control arm and
2
1

2
g a.
the treatment we use —- and —2 where
nio n20

o, = 1,2: standard deviation for the control arm (j = 1)and the treatment arm (j = 2)

njo,J = 1,2 quantification of prior information per arm.
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Other parameters of the design can be specified as

I: the number of interim analyses including the final analysis
nji,t=1,---,I: the number of patients per arm and per interim analysis.
Hence, the total number of patients in arm j at interim ¢ is
Nji = Yot 1k
Sip and pjp, e =1,---  I,r=1,--- M : effect and probability thresholds for each success criterion
at each interim analysis, respectively
firand ¢jr,e=1,---  I,r=1,--- M : effect and probability thresholds for each futility criterion

at each interim analysis, respectively.

Note that, for our implementation we decide to have [ = 5 and M = I — 1 = 4. All criteria have
to be fulfilled to stop for futility or success at an interim or at the final analysis. If the trial does not

stop for success or for futility, it continues until the end.

Operating Characteristics (OC): Simulation of any clinical trial model can be broken into a
scenario and a design. Different true value of  gives rise to different scenarios and a set of parame-
ters - sample sizes, stopping criteria, prior specification create the design. The important operating
characteristics are the probabilities of success and futility at each interim analysis, and the expected
sample size. In this module, we report those specific characteristics as the primary output. First, we
simulate a large number of trials given some true treatment effects of interest. Accuracy depends on
the number of trials. At each interim analysis, we compute the posterior distribution of the treatment
effect given the data and evaluate the stopping criteria based on the trials those are not stopped at
the previous interim analysis. Note that, while simulating, the prior could be specified in two ways

- (1) specified on treatment effect and (2) specified on both arms individually (Gerber et al., 2016).

12.3.1.1 Prior on treatment effect &

Let us denote Y, ~ N (p;, 032-) for the observations for treatment j = 1,2 atinterim¢ = 1, ..., 1
for subject & =1, ..., mj;.

The combined treatment effect at interim 7 is D; = Yo;—Y7; with }731 = (Zle >orl Yik)/Nji
and Nji =n51+ -+ njj. Thus,

Dj ~ N(8,07/Nu; + 03 /Na;) where § = g — pu1.
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Let us also assume that the prior information is available for the treatment effect J as
2 2
~ N(ao, O'l/nlo + 0'2/7120).

This specification of prior reflects the information on the treatment effect as if n1g and nyg patients
had been treated with the control and the test treatment, respectively.

The prior precision is denoted by 8y = nionao/(n1003 + nogos) and the precision of the
observed treatment effect at interim 4 is denoted by B; = N1;Na;/(Ny;03 4+ Ny;o?).

Using Bayes’ theorem, the posterior is proportional to the likelihood times the prior. Here,
the likelihood and the prior are D;|d ~ Np(d, B;) and 6 ~ Np(ap, Bo), respectively. Because
of conjugacy, we get a normally distributed posterior here. In other words the posterior expecta-
tion is a weighted average of the prior mean and the sample mean, and the posterior precision is
the sum of the prior and sample precisions. Thus, a sequential update yields the normal posterior
distribution at interim ¢ with expectation o; = w;ap + (1 — w;)D; with w; = Sy/f; and pre-
cision 5; = Pg + B;. To characterize the distribution of D;, we use the fact that the sequence
Zy = D1\/By, - ,Z; = D;/By is multivariate normal distribution with E[Z;] = §v/B;, for
i=1,---,Iand COV|Z;, Z;] = \/B;/Bj, 1 <1i < j < I (Gerber et al., 2016).

Simulation When evaluating the operating characteristics of a design, a range of true treatment
effect that constitutes the scenarios, denoted by §,,u = 1,--- ,U is considered. A complete set of
interim treatment effects, D; for ¢ = 1,--- , I, is generated for a large number of trials, denoted
by Ty and each of the scenarios. We use the canonical joint distribution for ¢ in order to simulate
the D;. At each interim analysis, the posterior distribution is updated and the decision criteria are

applied.

12.3.1.2 Prior information on control and treatment arms

We consider the combined arm-wise treatment response at interim ¢ and it is given by

7 ny
Y}‘i = ZZ)@M/NJZ and Nji = Nnj1 —+ -+ N jj-
=1 k=1

Let the prior information be available for both the control and treatment arms: 11; ~ Np(nj0,vj0)
with vjo = njo/ UJQ-. In this case, update for posterior parameter is done per arm: Mj|37ji ~
Np(nji,vji) where nj; = wjinjo + (1 — wji)Yji and ;i = ~jo = Nji/oF. The posterior dis-
tribution for the treatment effect is given by 0|Ya;, Y1; ~ Np(&i, B;), where &; = n2; — n1; and

Bi = (1/71i 4+ 1/72:)"". We generate the observed look-wise average treatment response for a
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large number of trials 7j. They are denoted by }Nfﬂ = ZZJ:Z 1 Yjir/nj; under a different true average
control and treatment responses (19 and pog. The combined j-th arm treatment response is then
(nji¥ji + Njio1Yiio1)/ (ngi + Nji1).

At each interim analysis the posterior distribution is updated arm-wise and converted to the
treatment effect. The decision criteria are then applied to the posterior distribution of the treatment
effect.

In both the cases, the OC are then derived by computing the proportion of trials for which
the success and/or futility criteria are fulfilled. It is important to note that the denominator for
the computation of the proportion is not the same at each interim. Because, at interim 7 + 1, we
only have to consider the trials that continued from the previous analysis ¢ and those two could be
different. Therefore, Ty must be large enough to ensure that enough simulated trials are continued
to the final analysis. The simulation is summarized in pseudo-algorithms 2 and 3, respectively as
shown in Gerber et al. (2016).

12.3.1.3 Expected sample size

The expected sample size (ESS) in a group sequential design is an important OC. It is computed
as 21‘1:1 m; (n1; + n2;) where m; denotes the probability of stopping at the i-th interim. Once the
probabilities of stopping for futility and stopping for success are available, the expected sample size

is fairly straightforward to calculate (Gerber et al., 2016).
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Algorithm 2 Pseudo-algorithm for simulation when prior is on treatment effect

for a large Ty and each §,, do
for:=1,2,--- ,Ido
e Simulate Dz@, t=1,---,T;_1 with T;_; the number of trials not stopped at 7 — 1-th
interim.

e Compute the Bayesian update of the posterior distribution recursively:
Bi=po+Bi; ol =wag+ (1 w)DY

e Compute TZ-S the number of trials fulfilling all success criteria at ¢-th interim.
e Compute probability of success at look ¢ as TiS JTi—1.
e Compute TZF the number of trials fulfilling all futility criteria at ¢-th interim.
e Compute probability of futility at look ¢ as EF JTiq.
o SetTy=T,1-T°-TF.

end forloop for ¢

end forloop for §,,
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Algorithm 3 Pseudo-algorithm for simulation when prior is on both treatment arms

for a large T and each plausible y19 and g do do

fori=1,2,---,1do

: )
e Simulate Yﬂ ,

stopped at ¢ — 1-th interim.
e Compute Vj; = (niVji + Nji1Yji-1)/(nji + Njio1).

t=1,---,T;,_1 and 5 = 1,2, with T;_; the number of trials not

e Compute the Bayesian update for the posterior distribution per arm recursively:

t —(t
Vi = vj0 = Nji/03; TIJ(-Z') = wjinjo + (1 — wji)Yj(z')~

e Convert arm-wise posterior distributions to posterior distribution of treatment effect:
(t t t A(t -1
&) =ng) —nds  BY = (/i + 1))

e Compute TZ-S the number of trials fulfilling all success criteria at ¢-th interim.
e Compute probability of success at look ¢ as Tis JTi—1.
e Compute TZF the number of trials fulfilling all futility criteria at ¢-th interim.
e Compute probability of futility at look ¢ as TiF JTi—1.
o SetTi=T,1-T°-TF.

end forloop for ¢

end forloop for p19 and pag
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12.3.2 Binomial Endpoints

For binomial endpoints or proportion data, we use large-sample approximation theory so that we
can use normal approximations for binary data. Following Spiegelhalter et al. (2004) and Agresti
(2003), for binary data, we form an appropriate approximate normalized likelihood that can then be
used with the setup shown in section 12.3.1. Examples of clinical trials with binary endpoints using
R package gsbDesign can also be found in Gsponer et al. (2014).

Suppose the data comprise a series of observations in which an event has occurred or not, and
we wish to compare the probability of such events under two different treatments. For two events

with probabilities pr and pc from treatment and control arm, respectively, the odds ratio (OR) is

defined as
pbr bc
OR =
(1 —pT)/(l - pc)

which is a standard way of describing the changes in the chances of events due to a treatment, on a

scale between 0 and oco. In order to make the assumption of a normal likelihood more plausible, it is
convenient to work with the natural logarithm of the odds ratio so that it takes values on the whole

range between —oco and +oo (Spiegelhalter et al., 2004). Thus we have

log(OR)szlog( Ll >—log< pe )
I —pr 1 —-pc

and so the treatments are compared through their difference on the logit scale.

For normal endpoints we have known difference of means and variance i.e. o2 and o3 (see
section 12.3.1). For binomial endpoints, we have the logarithm of the odds ratio as mean. For binary
data, the estimated variance is a function of sample sizes and estimated response rates. Therefore,
we need to calculate the variance for approximated normal likelihood along with the mean.

Now, when we want to estimate log(OR) from the data, we first need estimated response
rate for control arms (p¢) and treatment arm (p”). Using pc and pr the approximate variance of

log(OR) is
1 1 1 1

Var[log(OR)] =
ar{log(OR)] nrpr  nr(l—pr) +7”chfo+7”cc(1—pb)

(12.3)

Please see the appendix below (section 12.3.2.1) to see the full derivation.

Now, in this module, in order to generate scenarios we take input for true response rate for
control and treatment arms. Hence we compute the variance using the true response rates instead
of using the estimates as shown in equation 12.3. We use that as the variance for the approximated

normal likelihood.
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For the prior specification, note that for normal we specify prior on treatment effect or both

treatment arms separately (see sections 12.3.1.1 and 12.3.1.2). Here for binomial endpoints we use

logit transformation to make the endpoints normally distributed. Therefore, those two options are

equivalent to specifying prior on log(OR) or on log(Odds) for both the arms separately.

The rest of the statistical theory for binomial endpoints is very similar to that for normal end-

points as we are transforming the likelihood in this case to an approximated normal distribution to

get a normally distributed posterior distribution using conjugacy.

12.3.2.1 Appendix: Derivation of the variance

For binomial endpoints effect size is the logarithm of the odds ratio of the response rate of treatment

arm to that of control arm. The corresponding variance can be calculated as follows:

Varllog(OR)]

Q

Var

Var

Var

2
—— | Var(p —_—
(p%(l —m)) )+ (pb(l - pc)

I PT_
L 1-pc
pr pc
—pr —pc
log(lpTA ) + Var log(lpcA >]
—Ppr 4

2
1
) Var(pc) (using delta method)

( 1 A>2pAT<1—pAT>+
pr(l —pr) nr

( 1 )Zpb(l—zfc)
pc(l —po) nc

1 ((1 —pr) ﬂfT) L ((1 — pe) +pb>
nr \ pr(l-—pr) nc \ pe(l—pe)

1 N 1 1 1
nrpr  nr(l—pr) nepe  nc(l—pe)

where pc and pr are the estimates of the response rates of the control and the treatment arm,

respectively and n¢ and nr are the sample sizes for control and treatment arm, respectively. Note

that this approximation would work better when both pc and pr are smaller.
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12.3.3 Time-to-Event Endpoints

For time-to-event endpoints, we have a set of measurements of time to some event often referred to
as survival data. This event is assumed to occur with hazard rate h(t), which is the chance of an
event in a short interval of time following ¢. Survival under two different interventions with hazard
rates ho(t) and hi(t) may be compared by their hazard ratio, HR = ha(t)/h1(t): the common
“proportional hazards” assumption assumes HR is constant with time (Spiegelhalter et al., 2004).
The hazard ratio varies between 0 and oo, and once again similar to the binomial endpoints, in
order to make the assumption of a normal likelihood more plausible, it is convenient to work with
the natural logarithm of the hazard ratio so that it takes values on the whole range between —oo and

+o00 (Spiegelhalter et al., 2004).

log(HR) = log [2322]

Suppose that we have two-arm trial with the treatment arm (7"), and the control arm (C'). For
time-to-event or survival data, following the large-sample approximation in the particular case of
equal allocation and same follow-up as given in pages 28-29 of Spiegelhalter et al. (2004), we take
standard deviation (o) = 2 and adopt a normal likelihood.

For the prior specification, again note that for normal endpoints we specify prior on treatment
effect or both treatment arms separately (see sections 12.3.1.1 and 12.3.1.2). Here for time-to-event
endpoints, we use logarithm of hazard ratios to make the endpoints normally distributed. Therefore,
those two options are equivalent to specifying prior on log(HR) or on log(Hazard Rate) for the
control and the treatment arm separately.

The rest of the statistical theory for survival or time-to-event endpoints is very similar to that
for normal endpoints as we are transforming the likelihood in this case to an approximated normal

distribution to get a normally distributed posterior distribution using conjugacy.
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On East Bayes, we extended the simulation scheme introduced in Thall and Simon (1994) for
phase 2-3 seamless design, including three arms in the phase 2 stage, two doses (high and low)
and placebo. At the end of the phase 2 stage, the design will make a go/no-go decision based on
Bayesian go/no-go criteria first and then select one of high and low doses as the treatment arm in

phase 3 based on Bayesian selection criteria.

13.1 Binary Outcome

With binary outcome, a two-sided hypothesis z-test will be performed based on data of the selected
treatment dose integrated from both phase 2 and 3 and data of control arm only from phase 3 at the

end of phase 3 stage,
Ho:pr=pc vs Hi:pr#pc,

where pr and pc represent response probabilities of the selected treatment dose and placebo re-

spectively.

13.1.1 Model

Let Ngo, Nro and Ngg denote sample sizes, Yo, Y9 and Yoo numbers of patients with response
and pr, pr and pc response probabilities for three arms in phase 2 (H, L, C represent high dose,

low dose and control). The sampling models are:
Yuo ~ Bin(Nu2,pn),
Y2 ~ Bin(Nr2,pL),
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Yoo ~ Bin(Nea2,pe);

Priors in simulation:

pu ~ Beta(amo, Bro),
pL ~ Beta(aro, Bro),

pc ~ Beta(aco, Beoo)-

The conditional posterior distribution of p is (here we suppress the subscript H, L and C):

p | Na, Yo ~ Beta(ag + Y2, By + No — Ya),

13.1.2 Decision Criteria

Bayesian go/no-go and selection decision with binary outcome from phase 2 on East Bayes are as

below:

e Bayesian go/no-go criteria at the end of phase 2 stage based on two indicators, h.go and
l.go. If h.go = 1 or l.go = 1, go to phase 3. Otherwise, not go.
Let h = Pr(py > pc + dp|data) and | = Pr(pg, > po + doldata),
1,if h>m
h.go = ¢ ~ Bin(1,h.go.p),if n2 <h <m
0, if h <mno

1,if I>m
l.go= < ~ Bin(1,l.go.p),if n <l<m
0, if l S 2

7?1:’;22, l.go.p = 4;";2 and d( denotes the expected difference between the

probabilities of treatment dose and placebo.

where h.go.p =

e Bayesian selection criteria after making go decision based on one indicator, h.select. If

h.select = 1, select the high dose (1" = H). Otherwise, select the low dose (1" = L).

1,if Pr(py > prldata) > &
h.select =
0,if Pr(pg > prldata) < ¢
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(Criteria of z.test) Let Nr3, N¢3 denote sample sizes and Y73, Y3 numbers of patients with
response for two arms in phase 3 (T, C represent selected treatment dose and control). The

sampling models are the same,
Yr3 ~ Bin(Nrs, pr),

Yoz ~ Bin(N¢s, pe)-

And the estimated probabilities of two arms are,

pr = Y7o + Y73
Nro + Npg’
Yeos
Nc3
If 1 — ®(Z) < z.test.a/2, we will think the selected treatment dose and placebo are signifi-

A~

pc =

cantly different, where ® () denotes the standard normal distribution function and
lpr — pc|

Z = .
Vpr(1 = pr)/(Nr2 + Nr3) + pe(1 — pe)/Nes

13.1.3 Program Input and Output

13.1.3.1 Input

DH, PL, Pc: true scenario parameters for three arms.

Npga, Nra, Noo: sample sizes of three arms in phase 2.

Nr3, Nes: sample sizes of treatment and control arms phase 3.
do, M1, M2, &: parameters in Go/No-Go and Selection decisions.

z.test.a: parameter for the final decision, a nominal significance level (or say the correspond-

ing critical value) for the final hypothesis test in phase 3.
aro, Bro, Lo, BLo, aco, Bco: parameters of prior distributions of the response rate

Number of simulated trials

13.1.3.2 Output

Decision table

Probability of Go decision, probability of high-dose selection and Power
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13.1.3.3 An Example (Figure 13.1)

Figure 13.1: An Example: Phase II/III Seamless Design with Binary Outcome
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Continuous Endpoint

14.1 Introduction

The main objective in clinical trials is to find effective treatments for patients. Traditionally, phase II
trials start to establish initial efficacy of a new treatment and phase III trials confirm the treatment’s
effectiveness. Modern clinical trials consider seamless phase II/III designs in which phase II com-
pares multiple treatment arms and phase III selects one arm for testing against a control. Bischoff
and Miller (2009) proposed a new test procedure for a new seamless phase II/II1 trial design. After
a provisional sample size calculation in the planning stage, a portion of the planned sample is re-
cruited at the first stage (phase II), the best treatment is estimated, and the sample size is recalculated
on the basis of the observed variability. In the second stage (phase III), patients are randomized to
the control arm and the estimated best treatment arm.

Here, we describe a module in East Bayes, Phase II/III Seamless Design with Continuous
Endpoint, which performs trial simulation to examine the operating characteristics of the seam-
less design and searches the optimal parameter for sample size re-estimation using the method of
Bischoff and Miller (2009). In this module, we extend the simulation scheme introduced in Thall
and Simon (1994) and consider including three arms in phase II of drug development, two treatment
arms (like two doses of one new agent) and one control arm. At the end of the first stage, a Bayesian
Go/No-Go decision will be made first and if Go the design will select one of two treatments as the
only arm for phase III based on a Bayesian rule. In the second stage, patients are randomized to the
control and the selected treatment arm with a sample size re-estimation.

The remainder of the manual is organized as follows. §14.2 introduces the user interface and a
tutorial on launching trial simulations and visualizing results. Statistical details of the seamless

design are provided in §14.3. In particular, §14.3.1 introduces the simulation scheme with the
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Bayesian Go/No-Go decision and selection rule, and §14.3.2 describes the method of sample size
re-estimation in Bischoff and Miller (2009).

14.2 User Interface and Tutorial

14.2.1 Overview

The Phase II/III Seamless Design — Continuous Endpoint page of East Bayes has three main
tabs: Simulation Setup, Simulation Results, and SSR Calculator. The first tab, Simulation
Setup, allows users to conduct simulations; the second tab, Simulation Results, to visualize/download
simulation results; and the third tab, SSR Calculator, to re-estimate sample size at the interim anal-
ysis. In the Simulation Setup tab, there are three steps (Figure 14.1). Step 1: Input Simulation
Parameters, Step 2: Input Design Parameters, and Step 3: Generate Scenarios. Upon complet-
ing Steps 1-3, click the “Launch Simulation” button at the bottom of the page to begin the simulation
using the current parameters, or click the “Reset” button to clear all settings and enter new param-
eters. After the simulation completes, the results will be displayed in the Simulation Results tab.

Step-by-step instructions are shown in §14.2.2-§14.2 4.
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Continuous Outcome @

Simulation Setup Simulation Results SSR Calculator

Step 1: Input Simulation Parameters @

Nsim Rseed

10 32432
Apply
Step 2: Input Design Parameters @

Step 2.1: Input Model Parameters

a

Typelerrorrate: 0025

8 n n 1
Decision-making Parameters: o 0.1 0.65 0.6
a B
Hyperparameters for prior distribution of precision: = .00144 0.001
Hoo o
Hyperparameters for prior distribution of treatment effects: ¢ 1

Step 2.2: Select Sample Size Strategy

Fixed sample size | With sample size re-estimation

Apply

Step 3: Generate Scenarios ®

Auto Generation Manual Construction

Generate

Launch Simulation Reset

User Manual

Figure 14.1: Simulation Setup in the Phase II/III Seamless Design — Continuous Endpoint

module.
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14.2.2 Simulation Setup

East Bayes requires users to provide input parameter values for the seamless design in three steps.
When hovering over the question mark icons, a description of parameters used in the section is
displayed. If there are parameters you would like to change which are not currently accessible, or de-

signs you would like to see added to this module, please contact us by emailing support@cytel. com.

14.2.2.1 Step 1: Input Simulation Parameters

First specify the number of simulations (n4;,,,) and the simulation seed value (Rgeeq). See Figure
14.2. A detailed explanation of these input arguments will be provided in Table 14.1.
Click the “Apply” button (Figure 14.2) to confirm the input simulation parameters. The “Ap-

ply” button changes to “Edit” and can be clicked again to change trial parameters as needed.

Nsim : The number of simulations

Step L: Input Simulation Parameters ® Receq : Simulation Seed Value

Nsim Rseed

10 32432

Apply

Figure 14.2: Input Simulation Parameters in the Phase II/III Seamless Design — Continuous

Endpoint module.

Table 14.1: Simulation parameters in the Phase II/III Seamless Design — Continuous Endpoint

module.
Notation Parameters Description
Nsim Number of simula- | The maximum number of simulations allowed is 10,000.
tions The default value is 10.
Rgeed Simulation  seed | A number used to initialize a pseudo random number gen-
value erator in the simulation. The default value is 32432.
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14.2.2.2 Step 2: Input Design Parameters

First enter the desired model parameters in their respective entry fields, and then click one of the
“Fix sample size” and “With sample size re-estimation” buttons to select a sample size strategy.
Different strategies require different design parameters. For a detailed parameter description list,
see Table 14.2—14.5 next.

Step 2: Input Design Parameters ®

Step 2.1: Input Model Parameters

Typelerrorrate: 025

& n n g

Decision-making Parameters: 0 0.1 0.65 0.6

Hyperparameters for prior distribution of precision: 00144 0.001

Hoo oo He o1 Hox 02

Hyperparameters for prior distribution of treatment effects: =~ o 1 0 1 0 1

Step 2.2: Select Sample Size Strategy

Fixed sample size | With sample size re-estimation

o N N ny o

Sample sizes for treatmentarms:  gg 50 50 100 100

Apply

Figure 14.3: Input Design Parameters in the Phase II/III Seamless Design — Continuous End-

point module.
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Table 14.2: Model parameters in the Phase II/III Seamless Design — Continuous Endpoint

module.
Notation Parameters Description
« Type I error rate The probability of wrongly rejecting the null hypothesis
described in §14.3.2.1. The range is (0, 1) and the default
value is 0.025.
do Meaningful effect | When the treatment arm exhibits a better response by a
difference between | margin of §y over the control arm, it is regarded promis-
the treatment and | ing. The range is [0, +00) and the default value is 0. This
control arms is used for Bayesian Go/No-Go decision in Stage 1.

m Parameters in the The lower probability threshold when making the Go/No-
Bayesian Go decision. The range is (0,72) and the default value is
Go/No-Go criteria 0.1.

72 The upper probability threshold when making the Go/No-
Go decision. The range is (11,1) and the default value
is 0.65. See details of Bayesian Go/No-Go criteria in
§14.3.1.1

& Parameter in the | The probability threshold when selecting a better treatment

Bayesian selection | arm. The range is (0, 1) and the default value is 0.6. See
rule details of Bayesian selection rule in §14.3.1.2.
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Prior distributions for precision and treatment effects of three arms

Table 14.3: Prior distributions in the Phase II/III Seamless Design — Continuous Endpoint

module.

Notation Parameters Description

Qg Hyperparameters Hyperparameters of the gamma prior distribution for the
for prior precision. The ranges are both (0, +00) and the default

Bo distribution for values are 0.00144 and 0.001 for g and 5y, respectively.
precision See details of the priors in §14.3.1

1400 Hyperparameters Hyperparameters of the normal prior distribution for the
for prior mean response of the control arm. The ranges are
distribution for the | (—o0,400) and (0, 4+00) and the default values are 0 and

Co0 treatment effect of 1 for pgg and cqg, respectively.
the control arm

o1 Hyperparameters Hyperparameters of the normal prior distribution for the
for prior mean response of treatment arm 1. The ranges are
distribution for the | (—o0,400) and (0, 4+00) and the default values are 0 and

co1 treatment effect of 1 for po1 and cg1, respectively.
treatment arm 1

1402 Hyperparameters Hyperparameters of the normal prior distribution for the
for prior mean response of treatment arm 2. The ranges are
distribution for the | (—o0,400) and (0, 4+00) and the default values are 0 and

Co2 treatment effect of 1 for pg2 and cga, respectively.

treatment arm 2
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Design parameters when selecting ‘“Fixed sample size”

Table 14.4: Design parameters when selecting “Fixed sample size” in the Phase II/III Seamless

Design — Continuous Endpoint module.

Notation Parameters Description

n10 Sample size of the | The number of patients treated at the control arm in stage
control arm in stage | 1. The range is [10, 10000] and the default value is 50.
1

n11 Sample size of | The number of patients treated at treatment arm 1 in stage
treatment arm 1 in | 1. The range is [10, 10000] and the default value is 50.
stage 1

n12 Sample size of | The number of patients treated at treatment arm 2 in stage
treatment arm 2 in | 1. The range is [10,10000] and the default value is 50.
stage 1

n20 Sample size of the | The number of patients treated at the control arm in stage
control arm in stage | 2. The range is [10, 10000] and the default value is 100.
2

Nt Sample size of the | The number of patients treated at the selected treatment
selected treatment | arm in stage 2. The range is [10,10000] and the default
arm in stage 2 value is 100.
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Trial parameters when selecting “With sample size re-estimation”

Table 14.5: Trial parameters when selecting “With sample size re-estimation” in the Phase II/III

Seamless Design — Continuous Endpoint module.

Notation

Parameters

Description

A

Treatment effect

Under “With sample size re-estimation”, the sample sizes
of the trial is estimated with type I error rate less than or
equal to « and the power larger than or equal to (1 — j3)
when at least one treatment arm exhibits a better response
by a margin of of A over the control arm. The range is

(0, +00) and the default value is 4. This is used in Stage 2.

Type I error rate

The power, (1 — f3), is the probability of correctly reject-
ing the null hypothesis. The range is (0, 1) and the default

value is 0.2.

Error selection rate

The sample size for each arm at stage 1 should be set to
guarantee that the probability of selecting the inferior treat-
ment arm for stage 2 is smaller than or equal to 7. The
range is (0, 1) and the default value is 0.1. See details in
§14.3.2.3.

For “Fixed o

239

o2

Variance of treat-

ment effect

The variance of treatment effect. The range is (0, +00) and

the default value is 144.

For “Point mass prior of o

299

Ty

Point mass prior for
variance of

treatment effect

The variance of treatment effect is treated as a discrete
random variable taking a set of n,, distinctive values with
probabilities p. The ranges of the possible values are

(0, +00) and the ranges of the probabilities are (0, 1), and

the sum of all the probabilities is equal to 1.

367




Cytel

Module 14. Phase II/III Seamless Designs with Continuous Endpoint

14.2.2.3 Step 3: Generate scenarios

There are two ways to generate scenarios, automatically (see Figure 14.4) or manually (see Figure
14.5). In East Bayes, we assume the true treatment effects of patients in each arm are independent
and follow a Gaussian distribution. For each scenario, the means and variances of three arms need

to be specified.

Auto Generation (Figure 14.4)
Upon clicking the “Generate” button, three or six scenarios will be created automatically, each of
which contains the true means and variances of three arms. If users select “With sample size re-

299

estimation” and ‘“Point mass prior of 0“7, six scenarios will be created. Otherwise, three will be

created.

Step 3: Generate Scenarios ®

Auto Generation Manual Construction

Generate

Index o of ™ o7 Yo o? Delete All

1 0 147 0 147 0 147 w
2 0 147 2 147 4 147 ]
3 0 147 4 147 4 147 ]

Launch Simulation Reset

Figure 14.4: Automatically generate scenarios in the Phase II/III Seamless Design — Continuous

Endpoint module.
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Manual Construction (Figure 14.5)
Manually input mean and variance for each arm, then click the “Add” button to create a new sce-

nario.

Step 3: Generate Scenarios ®

Auto Generation Manual Construction
" o 1y of

Add

Launch Simulation Reset

Figure 14.5: Manually generate scenarios in the Phase II/III Seamless Design — Continuous

Endpoint module.

Once scenarios are generated, click the “Launch Simulation” button at the bottom of the page
to run ng;y, (set in Step 1) simulations for each scenario and selected sample size strategy (set in

Step 2) combination.
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14.2.2.4 Launch Simulation

Once Steps 1-3 are completed, click the “Launch Simulation” button at the bottom of Simulation
Setup tab (Figures 14.4 and 14.5) to submit the job. A “Success” message will be displayed (Figure
14.6) to indicate the simulation has been successfully launched. Users may click the “OK” button
in the pop-up box to proceed to Simulation Results tab and track the simulation processing status

and visualize simulation results.

Success

Launch Successful, Proceed To Simulation Results

Figure 14.6: The “Success” message after launching simulation in the Phase II/III Seamless De-

sign — Continuous Endpoint module.
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14.2.3 Simulation Results

The Simulation Results tab is primarily used for viewing the simulation jobs and simulation results
(§14.2.3.1), for restoring simulation settings to reproduce the simulation results or make change in
the simulation set as needed (§14.2.3.2), and for downloading simulation reports (§14.2.3.3). Simu-
lation results (figures and tables) can be downloaded in Word format, with accompanying statistical
sections in a trial protocol. Hereinafter, we use simulation results and operating characteristics

interchangeably.

14.2.3.1 View simulation results

Once simulations are completed, a message appears in the Running Simulations panel, and the
simulation results are automatically loaded into the Simulation History panel (Figure 14.7), a mail
icon &4 is used to indicate new results that have not been viewed. The duration displayed depends
on the availability of computing resources, and includes the waiting time after submitting the simu-
lation.

Simulation results for other modules can be viewed by using the “Select a Design Category”

drop-down box (Figure 14.7).

Continuous Outcome ® User Manual
Simulation Setup Simulation Results SSR Calculator
Simulation History
Select a Design Category: Seamless Continuous s

C: Single-Agent Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, R: Single-Agent Dose-Finding Design with Toxicity Endpoint and Rolling Enrollment, T: Single-Agent Dose-Finding
Design with Efficacy & Toxicity Endpoints and Cohort Enrollment, D: Dual-Agents Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, B: Basket-Trial Design, S: Subgroup Enrichment
and Analysis, SL: Phase I1/I1l Seamless Design with Continuous Endpoint

Click the button to display simulation results.

Clickthe ') button to import simulation settings into the Simulation Setup tab.

Clickthe T button to delete simulation results.

o Clickthe &, button to download a report of simulation results in word or zip file that includes a protocol template with a statistical section incorporating simulation results.

Type Launch Time Duration Designs Labels #Scenarios Actions Version
sL zgi;gg:? 00:01:12 & Fixed 2 3 D oD EE; o
sL 222219?726 01:47:50 SSR 2 3 D oD X fBI 0
sL 222218(19226 00:00:50 Fixed Z 3 D o & fal o

Figure 14.7: Simulation Results in the Phase II/III Seamless Design — Continuous Endpoint

module.
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Click the button to expand the panel and view simulation results (Figure 14.8). The simu-
lation and trial parameters are displayed at the top of each simulation job (Figure 14.8) followed by
the results in both tabular and graphical form.

If a set of simulation results is no longer needed, click the (&) button to delete the selected

simulation results. There is no un-delete option.

Type Launch Time Duration Designs Labels #Scenarios Actions Version
2021-09-27 — EB

sL 00:01:12 Fixed 74 3 + 3
02:46:36 @ a5 o 110
2021-09-26 = EB

sL 01:47:50 SSR Z 3 E
20:29:27 © o @ & 1.1.0

Simulation Inputs:

Simulation Params: Nem= 10 Reced™ 32432

Decision-making Params: =0.025 8=0 m=0.1 n;=0.65 =06

Hyperparameters: a;=0.00144 By=0.001 too=0 cp=1 Py =0 =1 Hoz=0 =1
SSR Params: £=4 p=0.2 y=0.1 fixed d=144

Simulation Outputs:

Summary of Sample Size Re-estimation

ny u v E(N)

30 2,249 176 536.88
37 2.241 1.61 500.68
44 221 1.48 470.24
51 2.227 L.44 465.72
58 2.205 1.36 449.68
65 2229 143 476.84

The row highlighted in blue indicates the minimum expected total sample size E(N).

Figure 14.8: View the simulation results in the Phase II/IIl Seamless Design — Continuous

Endpoint module.

Details of the Simulation Results

Simulation results are first summaried across scenarios and then elaborated by each scenario.
There are three sections of simulation results:
A. Summary of sample size re-estimation. (Figure 14.9, only available upon selecting the sample
size strategy ‘“With sample size re-estimation” in the simulation setting).
B. Summary of performance. (Figure 14.10).
C. Detailed results by scenarios. (Figure 14.11).
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A. Summary of sample size re-estimation.
Figure 14.9 shows the expected total sample size for the trial, F(/N), when the sample size for
each arm in stage 1 is n;. The summary is only available when “With sample size re-estimation” is

selected in the simulation setting.

Summary of Sample Size Re-estimation
ny u v E(N)
14 2295 1.81 169.298
19 2272 1.59 155.423
24 2.259 1.46 149.31
29 2.249 1.38 147.899
The row highlighted in blue indicates the minimum expected total sample size E(N).

Figure 14.9: Summary of sample size re-estimation in the Phase II/III Seamless Design —

Continuous Endpoint module.
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B. Summary of performance.

Figure 14.10 shows scenario-specific summary statistics. They are explained in full detail next.

e Freq. of Go: The frequency of making the Go decision at the end of stage 1 across all
simulated trials. Here, “Go” means a treatment arm from phase II will be selected for testing

in phase 1.

e Freq. of Selecting Treatment 1: The frequency of selecting treatment 1 to enter stage 2 at

the end of stage 1 across all simulated trials.

e Freq. of Selecting Treatment 2: The frequency of selecting treatment 2 to enter stage 2 at

the end of stage 1 across all simulated trials.

e Power 1: The frequency of declaring one of treatment arms to be better than the control arm

at the end of the trial using a one-sided superiority t-test across all simulated trials.

e Power 2: (Only available upon selecting the sample size strategy “With sample size re-
estimation” in the simulation setting) The frequency of declaring one of treatment arms to
be better than the control arm at the end of the trial using the statistic proposed by Bischoff
and Miller (2009) and described in §14.3.1.3 across all simulated trials.

e E(N) (s.d.): The average total number of patients treated in three arms in the simulated trials

and its standard deviation.

Summary of Performance
Scenario (Ko, 3), (11, 69), (M2, 03) Freq. of Go Freq. of Selecting Treatment 1 Freq. of Selecting Treatment 2 Power 1 Power 2 E(N) (s.d.)
1 (0,22), (0,22), (0,22) 0.9 0.6 0.3 0 0 89.2(3.327)
2 (0,22), (2,22), (4,22) 1 0 1 0.9 0.9 88.2(3.155)
3 (0,22), (4,22), (4,22) 1 0.6 0.4 1 0.8 89.6 (2.836)
4 (0,66), (0,66), (0,66) 0.6 0.2 0.4 0 0 158 (65.498)
5 (0,66), (2,66), (4,66) 1 0.4 0.6 0.9 0.8 213.6 (38.552)
6 (0,66), (4,66), (4,66) 1 0.6 0.4 0.9 0.9 212.4(32.729)
Power 2: Only for the sample size strategy of with sample size re-estimation

Figure 14.10: Summary of performance in the Phase II/III Seamless Design — Continuous

Endpoint module.
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C. Detailed results by scenarios.
The detailed simulation results are presented and arranged by scenarios. There are three bar
plots for Freq. of Selection, Power 1, and Power 2, and one box plot for Treatment Effect

Difference.

e Freq. of Selection: These three bars denote the frequencies of three selection decisions at the
end of stage 1 among all simulated trials, separately. The three selection decisions are,
— No Selection: No treatment is seleted as promising at the end of stage 1.
— Treatment 1: Selecting treatment 1 to enter stage 2.
— Treatment 2: Selecting treatment 2 to enter stage 2.

e Power 1: The frequencies of the following three decisions at the end of the trial using a

one-sided superiority t-test across all simulated trials.

e Power 2: (Only available upon selecting the sample size strategy “With sample size re-
estimation” in the simulation setting) The frequencies of the following three decisions at the
end of the trial using the statistic proposed by Bischoff and Miller (2009) and described in

§14.3.1.3 across all simulated trials.

For Power 1 and Power 2, the three trial decisions are,

— No Promising: No treatment arms are selected at the end of stage 2.

— Treatment 1: Treatment 1 is promising and selected at the end of stage 2, i.e., better

than the control arm.
— Treatment 2: Treatment 2 is promising and selected at the end of stage 2, i.e., better

than the control arm.

o Treatment Effect Difference: The difference in the treatment effect between the treatment

and control arms among the simulated trials.
— NS1: The treatment effect difference between treatment 1 and the control arm in these
simulated trials that stop at the end of stage 1 with “No Selection”.

— NS2: The treatment effect difference between treatment 2 and the control arm in these

simulated trials that stop at the end of stage 1 with “No Selection”.
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NP11 (NP12) : The treatment effect difference between treatment 1 (treatment 2) and
the control arm in these simulated trials that enter stage 2 with one of treatment arms,
but do not declare the treatment arm to be better than the control arm at the end of stage

2 using a one-sided superiority t-test.

— P11 (P12): The treatment effect difference between treatment 1 (treatment 2) and the
control arm in these simulated trials that declare one of treatment arms to be better than

the control arm at the end of stage 2 using a one-sided superiority t-test.

— NP21 (NP22) : The treatment effect difference between treatment 1 (treatment 2) and
the control arm in these simulated trials that enter stage 2 with one of treatment arms,
but do not declare the treatment arm to be better than the control arm at the end of stage
2 using the statistic proposed by Bischoff and Miller (2009) and described in §14.3.1.3.

— P21 (P22): The treatment effect difference between treatment 1 (treatment 2) and the
control arm in these simulated trials that declare one of treatment arms to be better than
the control arm at the end of stage 2 using the statistic proposed by Bischoff and Miller
(2009) and described in §14.3.1.3.
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Treatment effects difference: The difference between treatment arms and the control arm. For a description of x-axis labels, please refer to the user manual.

Figure 14.11: Detailed results by scenarios in the Phase II/III Seamless Design — Continuous

Endpoint module.
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14.2.3.2 Restore simulation setup

Users can “restore” the simulation input settings from the simulation results by clicking the
button (yellow arrow in Figure 14.12). When clicked, this button navigates to the Simulation Setup

page and recreates the original simulation input.

Continuous Outcome ® User Manual

Simulation Setup Simulation Results SSR Calculator

Simulation History

Select a Design Category: Seamless Continuous v

C: Single-Agent Dose-Finding Design with Toxicity Endpoint and Cohort liment, R: Single-Agent Dose-Finding Design with Toxicity Endpoint and Rolling Enrollment, T: Single-Agent Dose-Finding
Design with Efficacy & Toxicity Endpoints and Cohort Enrollment, D: Dual-Agents Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, B: Basket-Trial Design, S: Subgroup Enrichment
and Analysis, SL: Phase II/Ill Seamless Design with Continuous Endpoint

¢ Clickthe button to display simulation results.

Clickthe ) button to import simulation settings into the Simulation Setup tab.

Clickthe T button to delete simulation results.

¢ Clickthe * button to download a report of simulation results in word or zip file that includes a protocol template with a statistical section incorporating simula  n results.

Type Launch Time Duration Designs Labels #Scenarios Actions Version
sL 322416039627 00:0:12 & Fixed 2 3 D o i o
sL 22:2215;:0297—26 01:47:50 SSR Z 3 0 9 0 % 551 0
st :gi:i&az-ze 00:00:50 Fixed Z 3 O o0& i 0

Figure 14.12: Restore simulation setup and download simulation results in the Phase II/III Seam-

less Design — Continuous Endpoint module.

14.2.3.3 Download simulation results

The download button (green arrow in Figure 14.12) creates and downloads a Word document,
which includes three parts:

— Part A: Complete simulation results for the method and scenarios users selected,

— Part B: Detailed technical descriptions of the designs,

— Part C: References.
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14.2.4 SSR Calculator

In the SSR Calculator tab, users can calculate the sample size for each arm at stage 2 using the
method described in §14.3.2 when stage 1 of the trial is completed and data collected.

Specify the tuning parameter for power, v, the within-group variance at stage 1, S?, and the
sample size of each arm at stage 1, n1; and click the “Estimate” button to calculate the sample size

for each arm at stage 2 as shown in Figure 14.13. See detailed parameter descriptions in Table 14.6.

Continuous Outcome @ User Manual
Simulation Setup Simulation Results SSR Calculator
Based on the method described in Bischoff and Miller (2009), the sample size of each arm for the second stage can be estimated when the first stage of the trial is completed and data collected.

s

Figure 14.13: SSR Calculator in the Phase II/III Seamless Design — Continuous Endpoint

module.

Table 14.6: Input parameters in the SSR Calculator tab of the Phase II/III Seamless Design —

Continuous Endpoint module.

Notation Parameters Description
v The tuning parame- | v is a parameter that ensure the power is at least (1—/3), and
ter for power can be calculated and shown for sample size re-estimation.

See the example in Figure 14.9. The range is (0, 10].

S2 The within-group | S? is the sample variance calculated at the end of stage 1
variance at stage 1 using observed data. See how to calculate S? in (14.4).

The range is (0, +00).

ny The sample size of | The sample sizes n; of three arms at stage 1 are the same in
each arm at stage 1 | the method described in §14.3.2. The range is [10, 10000].
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14.3 Statistical Methods

This section describes the method of sample size re-estimation in Bischoff and Miller (2009). Con-
sider a seamless clinical trial with two stages, phase II and phase III, and three arms, two treatment
arms (e.g., two doses of a new drug) and one control arm. All three arms will be evaluated at the
end of Stage 1. If both treatment arms are not promising, stop the trial. If at least one of treatment
arms is promising, select only one treatment arm and proceed to Stage 2. At the end of Stage 2,
assess whether the selected treatment arm is better than the control.

Let ;1. denote the response of patient ¢ in arm j, j € {0,1,2}, in stage k, k € {1,2}. Arm
j = 0 corresponds to the control arm, whereas arms j = 1,2 correspond to two treatment arms.
For Stage 1 of the trial, randomly allocate Z?:o nq1; patients to the three arms with ny; patients
to arm j. At the end of Stage 1, whether or not proceed to Stage 2 is decided based on Bayesian
Go/No-Go decision criteria (§14.3.1.1) and the better of the two treatment arms, denoted as t, is
chosen for testing in Stage 2 based on a Bayesian selection rule (§14.3.1.2). In Stage 2, randomly

allocate (ngo + nzf) patients to arms 0 and t, i.e., ngo to arm 0 and Ny; to arm t.

There are two sample size strategies in East Bayes. One is “Fixed sample size”, which means
that users need to specify sample sizes of treatment and control arms at both stages, n1;, j = 0,1, 2,
ngo and n,;. The other is "With sample size re-estimation”, which means that the sample sizes are

calculated using the method in §14.3.2. By default, n1g = n11 = n12 = n1 and ngg = ny; = No.

14.3.1 Probability Model
Bischoff and Miller (2009) assumes y;;’s are independent and follow a Gaussian distribution,

1
Yijk ~ N(Myﬁ;)-
J

Let Yy, = {yl-jk |i=1,--- ,nkj} denote the set of response for arm j in stage k.

For simplicity, suppress the subscript of stage k£ when introducing the probability model. Given

the priors of j1; and 75,

1
wilms ~ Nlpoj, ——),
0773 (14.1)

Tj ™~ Gamma(a()aBO)a
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the joint posterior distribution of y; and 7; is,
P, 75|Y5) ocP(75)p (s |75) P (Yl g, 75)

-1 — . 1/2 CoTy 2 Ti
serfo e Zegy (—Tj (1j = NOj)2> i %eap <_2j > (i - Mj)2> -

i

After integrating out s;, a Gamma marginal posterior for 7; can be derived as

njco
n; + Co)

n; 1 _ _
73|Yj ~ Gamma (ao TPt gD i U gy () — uo]-)2> . 4D

1

. — nig .
where Y; = {yi; [ i = 1,---,n;}, ¥, = >.;” yij/ny, and n; denotes the number of patients
included in Y; for arm j. The Bayesian Go/No-Go decision criteria and selection rule are based on

the marginal posterior distributions of 15, p(yt; | Y;), which is given by,
P | Y5) = p(pg | 75, Yi)p(7y | V). (14.3)

With the marginal posterior distributions of 7; and y;, (14.2) and (14.3), it is easy to draw samples
for p(p; | Y;) by the next processes,

1. sample one 7 from the marginal posterior distributions of 7;, p(7; | Y}).
2. then sample one y} from the conditional posterior distribution of y15, p(p; | 77, Y;), with one

fixed 7 sampled from step 1,

where the conditional posterior distribution of y; is

n; _ Coj 1
M‘|Y',T'NN< 7+ 1oy >
e nj oyt mytco’ T ngTi o+ copT

14.3.1.1 Bayesian Go/No-Go Criteria

The Bayesian Go/No-Go criteria at the end of Stage 1 are based on two posterior probabilities,
Pg1 = Pr(pi > po + 0o | Yo1,Y11) and pgo = Pr(us > po + 6o | Yor, Y21), where dy is a clinical
treatment effect difference between the treatment and control arms specified by users. And the two
probabilities assess the chance that the treatment effect of the treatment arm j is clinically better

than that of the control arm 0, j = 1, 2 separately. Define
L, if pgj > n2,

07 lfpgj < m,
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where pg; = % and Bin(n,p) denotes the binomial distribution with n independent experi-
ment(s) and the success probability of p. If g1 = 1 or go = 1, select one of treatment arms and
proceed to Stage 2 (Go). Otherwise, stop the trial (No Go).

Following the criteria, when pg1 and pyo are both small, i.e., less than or equal to a small
fraction 11, such as 0.1, it is unlikely that the two treatment arms are more efficacious than the con-
trol, and stopping the trial early (No Go) can prevent patients from being exposed to the ineffective

investigational treatments.

14.3.1.2 Bayesian Selection Rule

If the “Go” decision is made, one of treatment arms is selected to tested in Stage 2. At the end of

Stage 1, define
L, if Pr(pue > p1 | Yo1,Y11) > €
0,if Pr(us > p1 | Ya1,Y11) <&

S9 =

If s9 = 1, select arm 2 (£ = 2). Otherwise, select arm 1 (£ = 1).

If £ > 0.5, this rule is friendly to arm 1, and vice versa. For example, assuming two doses of
an investigational agent are tested as the two treatment arms, arm 1 represents the lower dose of the
agent, and arm 2 the higher dose, one may prefer the lower dose due to the safety if it has similar

treatment effect as the higher dose.

14.3.1.3 Final Inference

In East Bayes, we provide two methods to decide whether one treatment arm is better than the

control arm at the end of Stage 2.

e A one-sided t-test including data of the control and selected arms at both stages, Y;. = {v;ji |
i=1,--+,ng;, J=0, t, k=1,2}. We call the power calculated by this method “Power
1” in East Bayes.

o The test statistic recommended by Bischoff and Miller (2009),

N
§= (.. —?.0.)\/ E’

wherey ;.. j € {0, f} denotes the average treatment effect of arm j at Stage 2, N = nj + Na,
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and

n1

1 & _
St = 3 — 1) Z Z (yij1 — y.j1)2 ~ (14.4)

§=0 i=1
Here we follow the default settings of Bischoff and Miller (2009), and set n1g = n11 = niz =
ny and ngy = ny; = Na. Then the trial ends with declaring the treatment arm promising only
when £ > u, where u is calibrated. See §14.3.2. We call the power calculated by this method

“Power 2” in East Bayes.
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14.3.2 Sample Size Re-estimation

For Stage 1 of the trial, randomly allocate n; patients to each of the three arms, i.e., nig = ni; =
ni2 = ni. At the end of Stage 1, if one treatment arm # is more promising and selected for testing

in the next stage, compute the sample size for each arm at Stage 2, nog = ny; = No, as,
Ny = NQ(S%) = (max(vSf — N1, N2,min) |,

where [z] is the smallest integer greater than or equal to x, 512 is calculated by (14.4) and n2 min
is a minimal required number of patients per arm for Stage 2. In East Bayes, we set 19 min = 0
by default. And v is chosen to guarantee the power larger than (1 — /3) given the hypotheses in
§14.3.2.1, where [ is the desired type Il error rate specified by users.

14.3.2.1 Hypothesis
With the unknown effects of three arms, 15, j = 0, 1, 2, the classical multiple testing problem,
Hoj:pj <po vs Hiyj:pg>po, Jj=1,2,
is usually handled by controlling the family-wise type I error rate,
P [Uj¢(rejection of Hy;)l,

where I C J = {1, 2} is the subset of true Hyj;, thatis, I = {j | pj < po,j = 1,2}.
However, one does not test all hypotheses in the final analysis. Once a treatment arm is selected
in the interim analysis at the end of Stage 1, of interested is the selected treatment arm, £, and then

one may test the following hypothesis at the end of Stage 2,
HOf sy < po VS th D g > Ho-
Hence, the type I error rate is the probability of wrongly rejecting the null hypothesis, which means,

Z P(rejection of Hy; | t = j)P(t = j)
JeI
and the power is the probability of correctly rejecting the null hypothesis, which means,

Z P(rejection of Hy; | t = j)P(t = 7).
jeNI
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After the second stage, estimate the treatment effects of the control arm and selected treatment

arm based on all data of two stages, i.e.,

. _ 1 _ _ . -
M=% = 0N, (n17.51 + Nag.j2), j €{0,t}.
Use £ as the test statistic,
R ) N N

where N = n; + N3 and the variance is based on data from the first stage only. This approach was
first proposed by Stein (1945). In this case one can change w to control type I error rate according
to the rule,

reject Hy < &€ > u.

14.3.2.2 Optimal v and v

With pre-specified type I and II error rates, o and 3, the optimal procedure in Bischoff and Miller
(2009) is to find the smallest u to control the type I error rate at «v, and then find the smallest v to
maintain the power to be at least (1 — 3). An algorithm to determine u and v, and an optimal stage

1 sample size is given as follows.

Optimal u
Givenn; € Z™T, nomin € N, and Vo2 > 0, the optimal critical value u is defined as the smallest

one with the type I error rate less than or equal to «, that is,

Y PE>ult=j)PE=j)<a,

Jjel

where I C J = {1, 2} is the subset of true Hy;. Then the optimal u is the solution of the equation

2
/ / 1_ \/m 2w nl + ng mm)
(3n1 —3)ny (14.5)

X ¢(a) fan,—3(w)dadw = «,

where ¢(z) and fs,, _3(z) are the probability density functions of N (0, 1) and x3,,, _ distributions,
separately, and ®(x) is the cuamulative distribution function of N (0, 1).
Considering that the type I error rate decreases with increasing u, the optimal w is approxi-

mated by the bisection method using (14.5) with a range of in [0,10] in East Bayes. If no optimal u
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can be identified in [0,10], error messages will be reported in the simulation results.

Optimal v

Given ny € ZT, nomn € N, a fixed 02, and max{uy — o, g2 — pro} > A, the optimal v is
defined as the smallest one with the power larger than (1 — /), that is

Y PE>ult=j)PE=4)>1-5,
jeNI

which means that the optimal v will guarantee a power of at least (1 — (). If the true effects of two
treatment arms are both better than that of the control arm, i.e., 1 > o and ps > po, then I = ()
and the poweris » . o P(§ > u | t=j§)P(t = j).

Let $? = o 3, —3w and then

o2

W — N1, M2 min | |-
3711 -3 ’ >W

Here, 02 denotes the unknown true variance of treatment effects of three arms and w follows the

Ny (S%) = ma(w, 0%) = [max <v

X§n1—3 distribution. When treatment arm 1 is selected to be tested in Stage 2, i.e., t = 1, for fixed

o2, we have

PE>ut=1)=PE¢>ult=1)P{t=1)
/ / 110) n1 + ma(w, o?) —I—a\/ ni
Vo2(ng + 2ma(w, 02)) ni + 2ma(w, 0?) (14.6)

2w(ny + ma(w, 0?)) -
_u\/(gnl — 3)(77,1 + 27)/L2(w7 02))> o <CL + (:ul - MQ)\/;> ¢(a)f3nl_3(w)dadw

where f3,,_3(z) is the probability density function of the X?‘}n ,—3 distribution. The probability

P(& > u,t = 2) is given by interchanging £ and j5 in (14.6).

Considering the effect of at least A over the control arm, without loss of generality, let pg = 0,
w1 € [0,A], and puo = A. It is easily checked that for ug = 0 and puz = A there exist a different
w1 € [0, A] with equal power. To guarantee the power for all p; € [0, A] larger than or equal
o (1 — ), we compute the power for y; in a finite and discrete subset of [0, A] by numerical
integration using (14.6) and determine the minimal power over all 1;. Then for fixed n1, n2 min and
o2, we determine the smallest v such that the minimal power is larger than or equal to (1 — f3).

Since a larger v leads to a larger sample size at Stage 2 and a higher power, the optimal w is
approximated by the bisection method in a default range in East Bayes. If the optimal v can not be

found in the default range, error messages will be reported in the simulation results. For the point

mass prior of o2 specified by users, we guarantee the power only for the maximal value of the prior.
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14.3.2.3 Optimal n

For a fixed o2 the expected number of patients for the whole trial is
oo
ro2(n1) = Ey2(3n1 + 2N2) = 3ng + 2/ ma(w, 0) f3n, —3(w)dw.
0

Given a prior 7 for the unknown parameter o2, the expected number of patients for the whole trial
is

B (rp2(n1)) = 301 + 2 / /O " ma(w, 02) fim s (w)dwr(do?).

In East Bayes, one may set a point mass prior for o2 with up to 10 possible values. Only the optimal

n1 with the minimal expected total sample size will be used for simulation.

Estimation Error of Choosing an Inferior Treatment
For the true better treatment arm ¢* and a fixed o2, if psx — ;> A, j # 0,t*, the probability
of selecting the inferior treatment arm j to enter the second stage, P(f = j), is smaller than or equal

to «y if and only if 1 > 11 min, Where

max{o?}

N1,min = [2T ((I)il(l - 7))21‘
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15.1 Introduction

Basket trials are a type of master protocol in which a treatment is evaluated in more than one indica-
tions (baskets). For example, a BRAF inhibitor can be tested simultaneously in multiple cancer types
all harboring BRAF mutations (Hyman et al., 2015) in a single trial (NCT01524978), as opposed
to multiple trials each of which focusing on a single cancer type. Empowered by breakthroughs
in genomics, complex diseases like cancer are further subdivided by biomarkers in addition to the
histology, paving the foundation for complex studies like basket trials. In essence, a basket trial is a
multi-arm phase 2 or phase 3 study investigating a treatment for multiple diseases or sub-diseases,
and basket trials are usually without randomized control. Here and hereinafter, we use the terminol-
ogy “basket” or “arm” to represent a group of patients with the same disease type or subtype that
are treated by the same drug or drug combination in a multi-arm intervention trial.

Usually, each arm in a basket trial is compared with a historical control. Patients enrolled in a
basket trial are often composed of a heterogeneous group across multiple indications, such as differ-
ent cancer types. Therefore, it is difficult to evaluate time-to-event endpoints (e.g., progression-free
survival (PFS) or overall survival (OS)), and the primary endpoints in a basket trial is often response
rates (e.g., objective response rate (ORR) or pathological complete response (pCR)), which are less
sensitive to the effects of population heterogeneity.

In screening new treatments, there might be a scientific rationale to expect some degree of sim-
ilarity in treatment effect across arms. There exists two common approaches as to whether or not
borrow information in the design and analysis of trial trial data: pooled analysis and independent
analysis. If the treatment effect is assumed homogeneous across different baskets, a pooled analysis
may be preferred, in which the data across all the arms are combined. However, the homogeneity
assumption often fails in practice. For example, in BRAF V600 study, while BRAF V600E-mutant

melanoma and hairy cell leukemia are responsive to BRAF inhibition, BRAF-mutant colon cancer
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is not (Flaherty et al., 2010; Tiacci et al., 2011; Prahallad et al., 2012). When the homogeneity as-
sumption is not valid, a separate stand-alone analysis for each arm is a simple alternative. However,
conducting an independent evaluation in each arm is time- and resource-consuming. Also, the trial
sample size may be inflated under independent arms when compared to designs that borrow infor-
mation. Recently, adaptive designs that borrow information via model-based inference have been
proposed, such as works in (Thall et al., 2003; Berry et al., 2013; Neuenschwander et al., 2016; Si-
mon et al., 2016; Cunanan et al., 2017; Liu et al., 2017; Chu and Yuan, 2018a,b; Hobbs and Landin,
2018; Psioda et al., 2019). Using the observed data, these methods borrow information by prior
distributions that shrink the arm-specific estimates to a centered value.

In East Bayes, we implement a module of Basket Trial Designs and use simulation-based
power calculation to evaluate four Bayesian approaches, including the Bayesian hierarchical model
(BBHM) proposed by Berry et al. (2013), the calibrated Bayesian hierarchical model (CBHM) by
Chu and Yuan (2018a), the exchangeabilitynonexchangeability (EXNEX) method in Neuenschwan-
der et al. (2016) and a novel multiple cohort expansion (MUCE) method in Lyu et al. (2020). Users

may choose a desirable designs based on provided software in this module.
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15.2 User Interface and Tutorial

15.2.1 Overview

Entering the Basket Trial Designs page, users will see two main tabs: Simulation Setup and
Simulation Results. These two tabs allow users to conduct simulations and visualize/download
simulation results. In the Simulation Setup tab, there are three steps (Figure 15.1): 1) Set trial
parameters, 2) Select designs, and 3) Generate scenarios. Users need to complete the steps 1-3
to set up simulations for a single design or multiple designs. Upon completing steps 1-3, users
click the “Launch Simulation” button at the bottom of the page. Users may also click the “Reset”
button next to Launch Simulation to clear all the settings. After the simulations are launched, the
results of simulations will be displayed in the Simulation Results tab. The simulation process can
be monitored in real time at the top of the Simulation Results tab. Detailed steps of using this

module are elaborated next in §15.2.2-§15.2.3.

Basket Trial Designs ® User Manual
Simulation Setup Simulation Results

@p 1: Set trial parameters @ \
32432 10

Celect - s+ Apply /

(Step 2: Select designs

MUCE | BBHM & CBHM | EXNEX

\ J
éep 3: Generate scenarios \
Auto Generation
Generate

Launch Simulation Reset

Figure 15.1: Simulation Setup in the Basket Trial Designs module.
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15.2.2 Simulation Setup

In the Basket Trial Designs module, East Bayes provides four designs, BBHM, CBHM, EXNEX,
and MUCE, for simulation. Users can choose up to four design configurations for simultaneous
comparison in the Simulation Setup tab each time. A design configuration means a design such
as MUCE, along with the designs settings, such as sample size. Request to allow more than four

design configurations by emailing support@cytel.com.

15.2.2.1 Step 1: Set trial parameters

Specify the number of simulated trials (n4;,,) and the random seed of simulation (Rg..q). Then
select a number of arms (ngrm, 2 < Ngrm < 10) from the dropdown box. Upon selection, manually
type in the reference response rate (R, y), the target response rate (f24r¢et), and the type I error rate
(a) for each arm. See Figure 15.2.

Click the “Reset” button to clear all the settings. Users may click the |%] icon (right after the
cell of Arm 1) to copy and paste the value of Arm 1 into other arms.

Hover mouse over the question mark icon, and a description will be displayed explaining the
meaning of the parameters. The detailed description of the above six input arguments is provided in
Table 15.1.

Click the “Apply” button in Figure 15.2 to confirm and submit the trial parameters. And click
the “Edit” button to enable the edits.
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Simulation Setup

Reced

32432

Arm1

R 0.1

0.3

0.1

Step 1: Set trial parameters ®

Basket Trial Designs @

User Manual

Simulation Result: ng - Number of Simulations

Narm : Number of Arms

Reeed : Simulation Seed Value

Rief : Reference Response Rate

Rta,gﬂ : Target Response Rate

ct: Type | Error Rate
10

Edit

Arm 2

0.1

0.3

0.1

Arm3 Arm 4

0.1 0.1

0.3 0.3

0.1 0.1

Apply

Figure 15.2: Set trial parameters in the Basket Trial Designs module.

Table 15.1: Input parameters for trials in the Basket Trial Designs module.

Notation | Parameters Description
Nsim Number of simulated | The number of simulated trials to be conducted for each
trials scenario. The maximum number allowed is 10,000. De-
fault value is 1,000.
Rgeed Random seed of simu- | A number used to initialize a pseudorandom number gen-
lation erator in the simulation. Default value is 32432.
Narm Number of arms The number of arms in the trial. The range is [2, 10].
Ry Reference  response | The reference response rate (also called the historical con-
rate trol rate) is the largest rate considered to be not promising.
Default value is 0.1.
Riarget Target response rate | The target response rate is the smallest rate considered to
(Riarget > Rref) be promising. Default value is 0.3.
o Type I error rate The probability of rejecting null when the null hypothesis
is true. Default value is 0.1.
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15.2.2.2 Step 2: Select designs

To select a design, click the button with the design’s name on it. Up to four design configurations
may be selected for comparison. Upon selection of a design, specify the maximum sample size
for each arm (n), interim analysis parameters, and when needed, advanced design parameters. See
Figure 15.3.

Step 2: Select designs
I'JJ:E
MUCE @
Specify Arm Sample Size | Reference Sample Size
7 ik} a7 27 27

Optional: Interim Analysis

Design parameters

Apply Delete

Figure 15.3: Select designs in the Basket Trial Designs module.

Specify arm sample size

East Bayes provides a function to facilitate sample size specification. It generates “reference
sample size” as candidate for simulations. Users can first try the reference sample size, generate
simulation results, calibrate the sample size based on the results, and finally decide an appropri-
ate sample size. Click the “Show Reference Sample Size” button in Figure 15.3 to expand the
reference sample size section (Figure 15.4). East Bayes provides three sets of sample sizes un-
der power (1 — () of 70%, 80% and 90%, respectively, which are calculated by the one-sided

equality Z-test with the standard deviation based on the target rate for one-sample proportion,

(Za +Zﬁ )2Rta'rget (l_Rta'rget)
(thu/rgetflz'r'ef)2

the [®] icon button to obtain a new reference sample size. These numbers can be used to help users

. Users can also manually type in a different power value and click

to provide the maximum sample size for each arm. By clicking the | Z]icon (at the end of each row),

the sample sizes in the corresponding row will be loaded as the required maximum sample size.
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Click the “Hide the reference sample size” button to hide the reference sample size section. Similar
in Step 1, users may click the [“|icon right after the cell of Arm 1 to copy and paste the sample size

of Arm 1 into other arms.

Step 2: Select designs
[[wuce ] e corm | pavex
MUCE @

Specify Arm Sample Size Reference Sample Size

Power

0.7 25 = 25 25 25

Figure 15.4: Display the reference sample size in Step 2: Select designs in the Basket Trial

Designs module.

Interim analysis (optional)

Check the box behind the Optional: Interim Analysis in Figure 15.3 to expand the section
of interim analysis parameters specification. Using the enrollment speed (S,;,;) of Arm 1 as a
benchmark, users can manually type in the enrollment speeds for other arms that are relative to Arm
1. A value greater or less than 1 means a faster or slower patients accrual than Arm 1, respectively.

And users can specify the probability threshold of futility stopping (FPisiry) for interim analysis.

When checked, two interim analyses will be applied by default. There are two possibilities.
First, if all the arms are assumed to take the same amount of time to enroll the total number of
patients (arm sample size) and the speed of enrollment is constant, the first interim analysis is
performed when each arm enrolls half (50%) of the sample size of the arm, and the second time
is when each arm enrolls 75% of the total sample size. Otherwise, the first interim is conducted
when the fastest arm enrolls half of the sample size of the arm, and the second interim is conducted
when the slowest arm enrolls half of the sample size of the arm. For example, for a three-arms
basket trial with the maximum sample size set at (40, 80, 20) for three arms, if the enrollment speed

iS Senron = (1,2,0.5), the enrollment time of all three arms are the same. Assuming a constant
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enrollment speed, the two interim analyses will be performed when three arms enroll (40 x 0.5, 80 x
0.5,20 x 0.5) = (20,40, 10) patients and (40 x 0.75,80 x 0.75,20 x 0.75) = (30, 60, 15) patients,
respectively; if the enrollment speed is S, = (1,4,0.75), two interim analyses will be performed
when the fastest arm enrolls half patients (Arm 2) and the slowest arm enrolls half patients (Arm
1), which result in sample sizes (10,40, 3) for interim 1 and (20, 80, 15) for interim 2. Request to
allow other interim analysis options by emailing support@cytel.com.

Design parameters

The default values of advanced design parameters are recommended. See detailed explanation
of each parameter in §15.3 next.

Click the “Apply” button in Figure 15.3 to confirm and submit the trial parameters. Click the
“Edit” button to enable the edit mode and all design parameters can be modified. Click the “Delete”
button to remove the selected designs.

Hover mouse over the question mark icon next to the design name, and a description will be
displayed explaining the meaning of the parameters of this design. The detailed description of the

above input arguments is provided in Table 15.2 below.

Table 15.2: Input parameters for designs in the Basket Trial Designs module.

Notation | Parameters Description

n Maximum sample | The maximum number of patients to be treated in the trial for
size each arm. The value is an integer between (0, 1000].

Senroll Relative  enroll- | The enrollment speed relative to Arm 1. The range is (0, o).
ment speed Default value is 1 for all arms, which means all arms have the

same enrollment speed. A value of 0.5 means the arm enrolls

half of the speed of Arm 1, whatever it is.

Pruitiry Futility stopping | The probability threshold of futility stopping at an interim

threshold analysis. See stopping criteria in §15.3. Default value is 0.1.
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15.2.2.3 Step 3: Generate scenarios

There are two ways to generate scenarios, automatically (in below Auto Generation tab, see Figure

15.5) or through manual construction, see Figure 15.6.

Auto Generation (Figure 15.5)

Click the “Generate” button to automatically create three to six scenarios, each of which contains
the true response rates for n4,.,, arms. Scenario 1 is a global null scenario in which all arms are
not promising with the response rate set at the reference response rate 12,..y. Scenario 2 is a global
alternative scenario in which all arms are promising with the response rate set at the target response

rate [yqrget- Other scenario(s) are mixed scenarios with some but not all arms promising.

Step 3: Generate scenarios

Auto Generation

Generate

True response rates of arms

Scenario Edit Arm 1 Arm 2 Arm3 Arm4 Delete All

1 (Nully 0.1 0.1 0.1 0.1

2 =z 0.3 0.3 0.3 0.3 |
3 4 03 0.1 0.1 0.1 T
4 = 0.3 03 0.1 0.1 w
5 = 0.3 03 0.3 0.1 (0]

Add

Launch Simulation Reset

Figure 15.5: Automatically generate scenarios in the Basket Trial Designs module.

Manual Construction (Figure 15.6)
Click the “Add” button to create a new scenario. The format of input must be numeral between 0
and 1, each representing the true response rate of each arm. After completing the input, click the [&]

icon button to confirm it.
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Generate

Scenario Edit

1 (Null)

2 @
3 @
4 @
5 74

Add

Step 3: Generate scenarios

Auto Generation

True response rates of arms

Arm 1

0.1

0.3

0.3

0.3

0.3

0.1

0.3

0.1

0.3

0.3

Arm3

0.1

0.3

0.1

0.1

0.3

Arm 4

0.1

0.3

0.1

0.1

0.1

Delete All

2 2 2 &

Launch Simulation Reset

Figure 15.6: Manually generate scenarios in the Basket Trial Designs module.

The generated scenarios are displayed as a list (Figures 15.5 and 15.6) which appears below

the generation section. Click the [¢]icon to edit the corresponding scenario.

Click the [ ]icon (at the end of each row) to delete the corresponding scenario. The first (Null)

scenario is always included in order to benchmark designs. Click the “Delete All” button to delete

all scenarios (including the Null scenario).
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15.2.2.4 Launch Simulation

Once the steps 1-3 are completed, users can conduct simulated clinical trials to examine the operat-
ing characteristics of the selected designs using the selected scenarios. Click the “Launch Simula-
tion” button at the bottom of Simulation Setup tab (Figures 15.5 and 15.6). A “Success” message
will be displayed on the screen (Figure 15.7) to indicate that the simulations have been successfully
launched. Users may click the “OK” button in the pop-up box to track the simulation processing

status and simulation results.

Success

Launch Successful, Proceed To Simulation Results

Figure 15.7: “Success” message after launching simulation in the Basket Trial Designs module.
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15.2.3 Simulation Results

In the Simulation Results tab, users can view the simulation progress and simulation results (§15.2.3.1),
restore the simulation settings if needed (§15.2.3.2), and download East Bayes’s proprietary intelli-
gent simulation reports (§15.2.3.3). Specifically, all the simulation results (figures and tables) can be
downloaded in Word format, accompanying the statistical sections in a trial protocol. Hereinafter,

we use simulation results and operating characteristics interchangeably.

15.2.3.1 View simulation results

In the Simulation Results tab, the Running Simulations panel exhibits the progress of ongoing
simulation (Figure 15.8). The ongoing simulations are displayed in ascending order by the launch

time. Click the icon “Xx” to delete the corresponding simulation.

Basket Trial Designs ® User Manual

Simulation Setup Simulation Results
[&2 Running Simulations
Designs # Scenarios Launch Time Progress

MUCE, BBHM, CBHM, EXNEX 5 2021-06-22 21:14:36 33% &% x

Figure 15.8: Simulation progress in the Basket Trial Designs module.

Once the simulations are completed, the Running Simulations panel in Figure 15.8 will dis-
appear, green “simulation result created”” massages will appear instead and stay at the same place of
the Running Simulations panel unless explicitly dismissed by clicking the icon “x” at the end of
the corresponding row, and the simulation results will be automatically loaded into the Simulation
History panel (Figure 15.9), with the blue mail icon &4 shown to indicate new results. All the pre-
viously completed simulations are also listed in the Simulation History panel. Simulation results
for other modules can also be viewed under the Simulation History by dropping down the “Select
a Design Category” button (Figure 15.9). Click the (&) button to delete the selected simulation

results.
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Basket Trial Designs @ User Manual
Simulation Setup Simulation Results
1 simulation result created -- 2021-06-22 21:14:36 -- MUCE, BBHM, CBHM, EXNEX -- 5 X

Simulation History

Select a Design Category: Basket Trial <

C: Single-Agent Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, R: Single-Agent Dose-Finding Design with Toxicity Endpoint and Rolling Enrollment, T: Single-
Agent Dose-Finding Design with Efficacy & Toxicity Endpoints and Cohort Enrollment, D: Dual-Agents Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, B: Basket-
Trial Design, S: Subgroup Enrichment and Analysis

® Click the button to display simulation results.
o Clickthe ) button to import simulation settings into the Simulation Setup tab.
e Clickthe [ button to delete simulation results.

o Clickthe F, button to download a report of simulation results in word or zip file that includes a protocol template with a statistical section incorporating simulation results.

Type Launch Time Duration Designs Labels # Scenarios Actions Version
MUCE, BBHM, CBHM EB
B 2021-06-2221:14:36  00:00:43 & ’ ’ ’ 2 5 O o &
EXNEX @ o= 110
e EB
B 2021-06-22 21:04:32 00:00:37 MUCE /4 5 D)0 |& 110
Total: 2

Figure 15.9: Simulation Results in the Basket Trial Designs module.

Click the button to unfold the simulation results (Figure 15.10). The design settings are
firstly displayed at the top of each simulation study. Then the results of simulation are shown in two

ways: figures and tables. See next.

Type Launch Time Duration Designs Labels # Scenarios Actions Version
20210623 — EB

B 00:00:46 MUCE, BBHM, CBHM, EXNEX 5 o *
07:31:23 @ B 5 @& 110

Simulation Inputs:

Trial Params: -=10 =32432 Nyrm=4
Design 1 (MUCE): =21,27,27,27 o= LLLL  Prug=0.1 =25 =100 =1 =0 =1
Design 2 (BBHM): =27,27,27,27 =L111 F =0.1 =-1.35 i=100 2,=0.0005 =0.000005
esign 3 (CBHM =27,27,27,2T s =111,1 P, =0.1 8,=-2.2 =100 =1 =80
Design 4 (EXNEX =27,2727,27 =1,1,1,1 Prsin=0.1 =22 7ex1i= 10.11 =1 =-0.85 0 2§=3.76 =1 =-139 5yci=6.25

Figure 15.10: View the simulation results in the Basket Trial Designs module.
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Details of the Simulation Results

The simulation results are divided into two parts, i.e, Simulation Result Summary and Tabulated
Results by Scenarios. Each part can be viewed or hidden by clicking the button for that part (Figure
15.11).

Simulation Outputs:
> Part A: Simulation Results Summary
V Part B: Tabulated Results by Scenarios

Scenario 1(Null)

0.6
0.5
0.4
0.3
0.2

0.1

@ — 00 0 0 00 o)
Arm 4 FWER FW-power1 FW-power2

@ Design 1 (MUCE) (@l Design 2 (BBHM) (@i} Design 3 (CBHM) (@l Design 4 (EXNEX)

Figure 15.11: View each part of the simulation results in the Single-Agent Dose-Finding Designs

with Toxicity Endpoint and Cohort Enrollment module.

Part A: Simulation Results Summary (Figures 15.12 and 15.13)

There are two sections in the Simulation Results Summary.

1. Line plots showing three frequentist summary statistics of the simulation results for all the
designs from two aspects: Family-wise Type I Error Rate and Family-wise Power (Figure
15.12).

o The three frequentist summary statistics are explained in full detail next.

— Family-wise Type I Error Rate: The proportion of simulated trials in which any
true null is rejected, i.e., any false discovery is made. In other words, it is the
proportion of simulated trials in which any arm is wrongly declared to be more
efficacious than historical controls.

— Family-wise Power: Two subtypes of powers are considered.

x Family-wise Power 1: The proportion of simulated trials in which only true

efficacious arms are correctly declared to be more efficacious than the histor-
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ical controls, and no true inefficacious arms are wrongly declared to be more
efficacious than the historical controls.

x Family-wise Power 2: The proportion of simulated trials in which all true
efficacious arms are correctly declared to be more efficacious than the historical
controls, and no true inefficacious arms are declared to be more efficacious than

the historical controls.

e For each line plot, the x-axis is the index of scenario and the y-axis is the value of
summary statistics. Lines with different colors represent different designs.

e The plots are interactive for better visualization.

— Hover the mouse on a dot and a box will display the value of each design at the
corresponding scenario (e.g. top left plot in Figure 15.12: Family-wise Type I
Error Rate).

— Hover the mouse on the design label to highlight the corresponding line and fade
the others (e.g. top right plot in Figure 15.12: Family-wise Power 1).

— Click the design label to hide the corresponding line and click again to change it

back (e.g. bottom left plot in Figure 15.12: Family-wise Power 2).

v Part A: Simulation Results Summary
Family-wise Type | Error Rate Family-wise Power 1

o5

.
05 £ N —~
. -

i 1 H H i ' 1 B 3 3
Scensrio index Scenario Index
® Design 1: MUCE @ Design 2:BBHM  ® Design 3: CBHM @ Design 4: EXNEX ® Design 1:MUCE @ Design 2:BBHM @ Design 3: CBHM @ Design 4: EXNEX

Family-wise Power 2

T T T T
1 2 3 H 5
‘Scenario index
® Design 1: MUCE @ Design 2: BBHM @ Design 3: CBHM @ Design 4: EXNEX

Figure 15.12: Simulation result plots in the Basket Trial Designs module.

404



Cytel

15.2. User Interface and Tutorial
15.2.3. Simulation Results

2. A table showing trial settings and probability thresholds used in the final analysis for all
designs (Figure 15.13).

e The table shows the trial parameters specified in step 1 (§15.2.2) and the probability
thresholds for the rejection of null in the final analysis for all the selected designs. The
trial parameters displayed include the reference response rate (R, ), the target response

rate (Ryqrget), and the type I error rate (o), for each arm.

Trial Settings and Probability Thresholds for Final Analysis
Probability thresholds for rejection of Null at the final analysis

Arm Rref R a

Design 1 Design 2 Design3 Design 4

(MuCE) (BBHM) (CBHM) (EXNEX)
1 0.1 0.3 0.1 0.878 0.967 1 0.795
2 0.2 0.4 0.1 0.736 0.754 0.849 0.87
3 0.2 03 0.1 0.866 0.323 0.734 0.838
4 0.1 0.4 0.1 0.896 0.998 1 0.796

Figure 15.13: Trial settings and probability thresholds for the final analysis in the Basket Trial

Designs module.
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Part B: Tabulated Results by Scenarios (Figure 15.14)

Full simulation results are presented in bar plots and tables arranged by scenario (Figure 15.14). For

each scenario, the simulation results are summarized from the following three frequentist aspects.
1. Type I error rate / Power: A bar plot showing the arm-wise type I error rate & power and

family-wise type I error rate & power (FWER & FW-power).

o Bars with different colors represent different designs.

o The first ng,n,, clusters of bars report the arm-wise type I error rate & power, and the last
three clusters report the FWER and two family-wise powers.

e Four statistics are explained in detail next.

— Arm-wise type I error rate & power: The proportion of simulated trials in which
the null hypothesis for an arm is rejected, i.e., the proportion of simulated trials in
which the arm is declared to be more efficacious than the historical control. This
is the arm-wise type I error rate if the arm is actually not more efficacious than the
historical control in this arm, and is the arm-wise power otherwise.

— Family-wise type I error rate & power (FWER & FW-power)

x Family-wise type I error rate (FWER): The proportion of simulated trials in
which at least one arm is wrongly declared to be more efficacious than histori-
cal controls in any arm.

*x Family-wise power 1 (FW-powerl): The proportion of simulated trials in
which only true efficacious arms are correctly declared to be more efficacious
than the historical controls, and no true inefficacious arms are wrongly declared
to be more efficacious than the historical controls.

+x Family-wise power 2 (FW-power2): The proportion of simulated trials in
which all true efficacious arms are correctly declared to be more efficacious
than the historical controls, and no true inefficacious arms are declared to be

more efficacious than the historical controls.

For detailed descriptions, please refer to Simulation Results Summary above.

2. Response Rate Estimation: A table is provided (Figure 15.14) reporting the accuracy and
the precision of the estimates of response rates. The first two columns summarize the scenario
settings, with the index and its true response rate of each arm; the subsequent columns report
the average bias of response rate estimates and their standard deviation. The bias is defined
as the difference between the posterior mean of response rate and the true response rate. The

average is taken across all the simulated trials.
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3. Interim Analysis: A table is provided (Figure 15.14) summarizing the statistics of interim

analysis, if any.

e Average sample size (s.d.): The average number of patients treated in a simulated trial
and its standard deviation, averaging across all the simulated trials.

o Current # of patients treated: The numbers of patients treated for each arm when the
Ist and the 2nd interim analyses are performed, respectively.

o Probability of futility stopping: The proportion of simulated trials in which an arm is

stopped early due to futility at the 1st or the 2nd interim analysis.

When calculating the standard deviation, we use n;,, as the denominator instead of (1, — 1)

in East Bayes.

407



Module 15. Basket Trial Designs

Cytel

Type | errcr rate / Power

0754

026

Scenario T(NULL)

Type | error rate / Power

02 a2 0z

Response Rate Estimation

True response rate

o1

0.1

[A

0.1

Average sample size (s.d)

Arm
1
2
3
4
Interim Analysis
Am
Design Design
1 2
MUCE BBHM
; 24.4 206
(5.2) (5.817)
N 24.4 20
(5.2) (5.422)
o 257 18
(3.9) (5.254)
205
4 27(0) ©9

Design
3
CBHM

18.6
(5.869)
20
(5.422)
199
(6.139)

18.6
(5.869)

“ Part B: Tabulated Results by Scenarios

Design
EXMNEX
245
(4.225)
238
(5.212)
205
(6.5)
238
(5.212)

02 02

fem

FWER

® Design 1: MUCE @ Design 2: BBHM @ Design 3: CBHM @ Design 4: EXNEX

Design
1
MUCE

14

Design 1
MUCE

0(0.06)

-0.01 (0.05)

0.01 (0.05)

0.04 (0.05)

Current # of patients treated

Design  Design
2 3

BEHM CBHM
14 14
14 14
14 14
14 14

Average bias (s.d) of respense rate estimates

Design 2
BEHM

0,01 (0.03)

0.01 (0.03)

0,01 (0.03)

0.01(0.03)

At the 15t interim

Design
4
EXNEX

14

Design
1
MUCE

0.z

0.z

0.1

Probability of futility stopping

Design
3
BEHM

0.4

Design
3
CEHM

0.6

0.4

0.5

0.6

[
1] . 8 o a o . a a .
FWpoweet PW-powerd
Design 3 Design 4
CBHM EXNEX
0.01 (0.05) 0.02 {0.06)
0.01(0.03) 0.03 (0.08)
0.01 (0.04) -0.01 (0.06)
0.02 (0.05) 0.01(0.06)
Atthe 2n
Current # of patients treated
Design  Design  Design  Design  Design
] 1 2 3 4
EXNEX  MUCE BEHM CBHM  EXNEX
0.1 2 21 21 21
0z 7 7 7 21
0.5 7 7 7 21
0.2 21 21 21 21

Figure 15.14: Simulation results by scenario in the Basket Trial Designs module.
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15.2.3.2 Restore simulation setup

Users can restore the simulation settings from the simulation results by clicking the button
at the upper right corner of each simulation results panel ( yellow arrow in Figure 15.15) and the
display will switch to the Simulation Setup page with the same simulation settings restored. This

is useful to restore the old simulation settings for reproducible results.

Basket Trial Designs @

Simulation Setup Simulation Results

I Running Simulations

Couldn't connect to the server to retrieve running simulations. Please check your network connection and refresh the page to try again later.

Simulation History
Select a Design Category: | Basket Trial hd

C: Single-Agent Dose-Finding Design with Toxicity Endpoint and Cohort Enroliment, R: Single-Agent Dose-Finding Design with Toxicity Endpoint and Rolling Enreliment, T: Single-Agent Dose-Finding
Design with Efficacy & Toxicity Endpoints and Cohort Enrollment, D: Dual-Agents Dose-Finding Design with Toxicity Endpoint and Cohort Enrollment, B: Basket-Trial Design

« Click lhe button to display simulation results.

« Click the button to import simulation settings into the Simulation Setup tab.

« Click the (W ] button to delete simulation results.

« Click (he@ button to download a report of simulation results in word or zip file that includes a protocol template with a statistical section incorporating simulation results.

Type Launch Time Duration Designs #Scenarios Actions: Version
B 2021-03-05 04:10:06 00:00:46 MUCE, BBHM, CBHM, EXNEX 5 D ¥ & EB1.0.0
B 2021-03-05 03:50:43 00:04:45 MUCE, BBHM, CBHM, EXNEX 5 D W & EB1.0.0

Figure 15.15: Restore simulation setup and download simulation results in the Basket Trial De-

signs module.

15.2.3.3 Download simulation results

A button is placed at the upper right corner of each simulation results panel (green arrow in
Figure 15.15). Click it to download East Bayes’s proprietary word file with complete simulation
results under the designs and scenarios users specified in the simulation settings tab. Users could
update the simulation settings and results tailored for their trials. Contact us via email

(support@cytel.com) for consulting services.
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15.3 Statistical Methods Review

15.3.1 Bayesian Hierarchical Model (BBHM)

Berry et al. (2013) apply a Bayesian hierarchical model to phase II basket trial designs that borrows

information across arms.

15.3.1.1 Probability Model

Consider a phase II basket trial that evaluates the efficacy of a new treatment in K different arms
(indications). Let nj and y; denote the number of patients and responders in arm k, respectively.
Denote by pi, the true and unknown response rate for arm k. The objective of the trial is to test the

null hypothesis that the response rate, py, of the arm is less than a reference response rate, mx,
Hop = pr < mko

versus the alternative hypothesis that the response rate is at least as high as a target rate, w1,
Hyg : pre 2 Tk,

foreacharm k, k =1,2,..., K.

BBHM models the log-odds of response rate for each arm k, including an adjustment for the

), = log (1 fkpk> —log <1i’f;—k1> .

Assume 6, follow a normal prior distribution with unknown mean 6 and variance o

targeted 7 rates, defined as

2

0x | 0 N(0,02).

The hyperparameters 6 and o2 are given conjugate hyperpriors,
0 ~ N(b,02), o>~ Inv-Gamma(as, \s),

where s and )\ are the shape and scale parameters of the inverse gamma distribution, respectively.
This prior construction assumes that the arm-specific treatment effect 6;’s across different arms are
exchangeable and shrinks to a shared mean 6, thus enabling information borrowing across arms.
The degree of shrinkage or information borrowing is determined by the value of o2. The smaller

2

the o2, the stronger the borrowing. In the extreme cases, o2 = 0 means all §;’s equal § which is
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the pooled analysis, and o> = oo is equivalent to the independent approach, where 6, are assumed
independent and distinct.

In short, the hierarchical models are:

Likelihood: Yk | ng, pr ~ Binomial(ng, py)

Transformation: 0, = log ( Pk ) — log <m>
1 —pg 1=

Prior for 6y, : 0| 0,0% ~ N(0,0%)

Hyperpriors: 0 ~ N(6p,02)

o? ~ Inv-Gamma(as, \s)

Following Berry et al. (2013), by default, East Bayes assigns a non-informative inverse gamma
prior Inv-Gamma(0.0005, 0.000005) for o2, and uses the average of 6 under the null rates 6y =
Ly, <log ( k0 ) — log ( r: >> and a large variance o3 = 107 for the prior of 6, creating

l—ﬂ'k() 1_7rk1

a nearly non-informative prior. The inverse gamma prior gives a E(c?) = 10% and Var(o?) =
2 x 107,

15.3.1.2 Trial Design

Suppose L(> 0) interim looks are planned, and the [-th interim analysis is conducted after nf,c
patients have been enrolled in arm k. Let D' = {(nl,y}) : k = 1,2,..., K} denote the observed
data at interim analysis [, where y}c is the number of responders among the nﬁc patients. Denote
DI = {(nkt yf ™) k= 1,2,..., K} the observed data at the end of the trial, where n- " is
the prespecified maximum sample size for arm & and y,f“ is the total number of responders. The

proposed BBHM basket trial design with L interim looks is describe as follows:

1. Enroll n,{, patients in k-tharm, k =1,2,..., K.
2. Given the data D' at the I-th interim look, [ = 1,2,..., L,

(a) [Futility stopping] If the posterior probability that the response rate of arm k, pg, is

greater than (70 + 71)/2 is small, i.e.,

o + 7

Pr{py > } < Phuitiry,

stop the accrual to the k-th arm for futility;

(b) Otherwise, continue to enroll patients until reaching the next interim analysis.
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3. Once the maximum sample size is reached or all the arms have stopped, evaluate the efficacy
for each arm based on all the observed data. If the posterior probability that the response rate,

D, 1S greater than g is large, i.e.,
L+1
Pri{py > mwo | D"} > ¢y,

arm k is declared efficacious and promising; otherwise, it is considered not promising.

Step 2 is optional, since the BBHM design does not require an interim look. However, it is
useful to allow interim in practice for early stopping. The probability thresholds for the interim
analysis Pyiry and for the final analysis {¢y, : k = 1,2, ..., K}, are calibrated through simulations
to achieve a prespecified type I error rate for each arm under the global null scenario. In brief,
assume ng;y, trials are simulated under the Null scenario. For arm k, suppose T}, out of ng;,, trials
are early stopped due to futility. From the remaining (7s;,, — T}) trials, we can obtain (ng;m, — Tk)
posterior probabilities p(px > 7ro | Hyo). Denote them as {P; = Pr{px > 7o | DiLH},z’ =
1,...,ngim — Tk}, where DZ»L'H is the observed data at the end of i-th trial under the null scenario.
Then sort the samples { P;} to obtain a set of order statistics { P(;),i = 1,...,ngim — Tj}, where
Py < Py, fori < j. Finally, ¢x, = P, Ty —ngim xay,) SO that ngim X i out of ngjy, trials are

rejected under the Null scenario, i.e., the type I error rate is o.
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15.3.2 Calibrated Bayesian Hierarchical Model (CBHM)

Chu and Yuan (2018a) proposed a calibrated Bayesian hierarchical model (CBHM) as an extension
of BBHM, which estimates 0% from the observed data instead of using a prior.

15.3.2.1 Probability Model

Consider a phase II basket trial that evaluates the efficacy of a new treatment in K different arms
(indications). Let p;, denote the true and unknown response rate for arm k. The objective of the trial

is to test whether the new treatment is effective in each of the arms
Hok:pkfﬂ'ko versus Hlk:pkzﬂkly fOl‘kZl,Q,...,K,

where 7y is the reference response rate (also called the historical response rate), and 7 is the
target response rate under which the treatment is regarded as promising.
Suppose at a certain moment, ny patients from arm k have been enrolled, among which yy

patients respond favorably to the treatment. CBHM assumes that y;, follows a hierarchical model

Likelihood: Yk | iy pre ~ Binomial(ny, py)

Transformation: 6 = log < Pk >
1 —px

Prior for 6y, : O | 0,0% ~ N(6,0%)

(15.1)

Hyperpriors: 6 ~ N6y, 07)

The same as Berry et al. (2013), the above prior construction assumes that the arm-specific treat-
ment effect 0;’s across different arms are exchangeable and shrinks to a shared mean 6, thereby
enabling information borrowing across arms. The degree of shrinkage or information borrowing is

determined by the value of o2. Following Chu and Yuan (2018a), by default, East Bayes uses the

average of 0y under the null rates g = % > le log (1?;&0) and a large variance o3 = 10? for the

prior of 6, creating a vague prior.

15.3.2.2 Calibration of shrinkage parameter o>

Unlike the BBHM approach (Berry et al., 2013) in §15.3.1, which assigns a prior to o2 and esti-
mates it from the data, CBHM defines o2 in (15.1) as a function of the measure of homogeneity
among the arms. The idea is that the function is prespecified and calibrated in a way such that
when the treatment effects across arms are homogeneous, small o is induced so that strong in-

formation borrowing occurs and thus improves power, and when the treatment effects across arms
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are heterogeneous, large o2 is induced so that little or no borrowing across groups occur, thereby
controlling the type I error rate. In what follows, Chu and Yuan (2018a) use a homogeneity measure
to determine and calibrate the estimation of parameter 0.

Specifically, CBHM adopts the chi-squired test statistic to measure homogeneity, given by
K

T— i (Ook — Eoi,)? n Z (O1 — Enp)?

Eoy, Eqy

k=1 k=1

where Og and Oy denote the observed counts of non-responses and responses for arm £ (i.e.
ng — yYx and yi), and Egg and E7j, are the “expected” counts of non-responses and responses, given
by
Dok~ Do Yk >k Yk
k
Z Tk Z kE

A smaller value of T  indicates higher homogeneity in the treatment effect across arms.

Eor = n and FEip=n

Then CBHM links the shrinkage parameter o with T through the following two-parameter
exponential model
0% = g(T) = exp{a + b x log(T)}, (15.2)

where a and b are tuning parameters that characterize the relationship between o? and T'. Also b > 0
is required so that greater homogeneity (i.e. a small value of T') leads to stronger shrinkage (i.e. a
small value of 02). The values of a and b in (15.2) are calibrated using the following three-step

simulation-based procedure:

1. Simulate the case in which the treatment is effective for all arms. Specifically, R replicates
of data are generated by simulating y = (y1,...,yx) from Binomial(n, ), where n =
(n1,...,nk) and w3 = (m11,...,7x1) and then calculate 7" for each simulated dataset. Let
H g denote the median of T" from R simulated datasets.

2. Simulate the cases in which the treatment effect is heterogeneous across arms. Let (k) =
(7115 -+ Th1s T (kg 1)05 - - - » Ti0) denote scenario in which the treatment is effective for the
first k& arms with the target response rate of 7y, but not effective for arms (k + 1) to K with
the reference response rate of m;y. Given a value of k, we generate R replicates of data by
simulating y from Binomial(n, 7 (k) ), calculate 7" for each simulated dataset and then obtain

its median H pgoi. Repeat this for k = 1,2,..., K — 1 and define
H32 = mkin(Hng).

3. Let 0%, denote a prespecified small value (the default value is 1 in East Bayes) for shrinkage
parameter o2 under which strong shrinkage or information borrowing occurs under the hierar-

chical model (equation (15.1)), and let 0]252 denote a prespecifed large value (the default value
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is 80 in East Bayes) of shrinkage parameter o2, under which little shrinkage or information
borrowing occurs. Solve a and b in equation (15.2) based on the following two equations

0%1 = g(Hpi;a,b) = exp{a + b x log(Hp1)} (153)

0%, = g(Hp2;a,b) = exp{a + b x log(Hp2)}
which enforces strong and weak shrinkage respectively. The solution of the equations (15.3)
is given by
_ log(agy) —log(o,)
10g<HBQ) - log(HBl)
log(0%,) — log(0%,)

lOg(HBg) — log(Hgl)

East Bayes’s take: While we report the procedure from Chu and Yuan (2018a), we leave the

a = 10g(“1231)

IOg(HBl)

users to assess the procedure in §15.3.2.2. We would probably take a formal empirical Bayes ap-

proach instead, such as the procedure in Carlin and Louis (2010).

15.3.2.3 Trial Design

CBHM applies the same trial design as that in BBHM (§15.3.1).
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15.3.3 ExchangeabilityNonexchangeability (EXNEX) Method

Neuenschwander et al. (2016) proposed the exchangeabilitynonexchangeability (EXNEX) approach
that allows each arm-specific parameter to be exchangeable with other similar arm parameters or

nonexchangeable with any of them.

15.3.3.1 Probability Model

Consider a phase II basket trial that evaluates the efficacy of a new treatment in K different arms
(indications). Let nj and y; denote the number of patients and responders in arm k, respectively.
Denote by p;. the true and unknown response rate for arm k. A natural sampling model for y;, given
ng, and py, is binomial model, yy, | ng, pr ~ Binomial(ng, py).

The objective of the trial is to test whether the new treatment is effective in each of the arms
Hop : pr < 7o versus  Hiy @ pi > T,

for k = 1,2,..., K, where o and 7 are the reference and target response rates for arm k,
respectively. Let 0 = log (%) denote the log-odds of the response rate. EXNEX models the
0;.’s with a mixture distribution,

C
Ok | Wi, Oex, OEx, ONEX, OREX ~ D WkeN (OEx ¢, 0Fx o) + WhoN (ONEX 8 OREx ). (154)

=1
In other words, with probability wy., 85 belongs to an exchangeability (EX) component ¢, and with
probability wgg, 6 belongs to a nonexchangeability (NEX) component. Here, ZSZO Wge = 1.
The parameters of the EX components, 0gx . and O']%Xy . are shared across arms within component
c. In contrast, the parameter of the NEX components, Ongx ; and O'I%IEXJC are arm-specific. The
number of EX components C' and the weights of the components wy, = (wgy, ..., wrc, Wko) are
prespecified by the investigator. By default, the same NEX components and mixture weights are
specified for all arms, Ongx,1 = ... = ONEx,K = ONEX> ORpxy = -+ = UI%IEX, K = Odpx. and
w; = ... = wg = w. For the prior specification, in each EX component ¢, a normal prior is

assigned to 0gx ., and a half-normal (HN) prior with scale parameter s, is assigned to ogx ¢,
2
Oex,c ~ N(1EX,c0; OFxc0)s  OEX,c ~ HN(s¢).

In East Bayes, the default settings Neuenschwander et al. (2016) is used for EXNEX: A mixture
of two (C = 2) EX distributions and one NEX distribution with weights w = (0.25,0.25,0.5) is
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chosen by default. Therefore, in brief, East Bayes applies the following hierarchical model:

Likelihood: Yk | nk, pr. ~ Binomial(ny, py,)

Transformation: 6 = log < Pk )
1 —pi

Prior for 9k : Qk ‘ w, GEX, G%X, 0NEX7 O'I%IEX ~ (15.5)
0.25N (fex,1, 0px.1) + 0.25N (Bex 2, 0Fx o) + 0.5N (ONEX: OREX)
Hyperpriors: 9EX,1 ~ N(,UJEXJ(), U]%X,l())v OEX,1 ™~ HN(Sl)

Oex 2 ~ N(MEX,2070]%X,20)7 oex,2 ~ HN(s2)

Following Neuenschwander et al. (2016), weakly-informative priors are used in East Bayes by
default. Specifically, for the priors of the NEX parameters, we fix the mean fngx at the log-odds of
a plausible guess for the response probability (e.g. the mean of the middle of reference and target re-
sponse rates across arms, py, = % Zszl %J””“O), and the variance o3y at a value that corresponds
to approximately one observation, o3y = 1/pw + 1/(1 — py), for all arms. For EX components,
we place N (1og (11“;0) 1/mo+1/(1 — o) — 1) and N (1og (1%) A/m 4+ 11— m) — 1)
prior on fgx 1 and Ogx 2, respectively, where 7wy = % Y k1 ko and T = % Zle 1 are the av-

erage reference and target response rate across arms; and half-normal priors with scale parameter

S1 = S = 1 on OEX,1 and OEX,2-

15.3.3.2 Trial Design

The original EXNEX design does not have a futility or efficacy stopping rule, but for fair compari-

son, the same rules as those in BBHM (§15.3.1) are available in East Bayes.
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15.3.4 Multiple Cohort Expansion (MUCE) Method

The multiple cohort expansion (MUCE) design is originally proposed by Lyu et al. (2020), for trials
with multiple arms, include basket trials. The MUCE is based on a class of Bayesian hierarchical
models including a latent probit prior that allows for different degrees of borrowing across arms.
Furthermore, instead of using the posterior interval of the estimated response rate to declare futility
or efficacy, as in BBHM (§15.3.1), CBHM (§15.3.2) and EXNEX (§15.3.3), MUCE applies a formal

Bayesian hypothesis test to make statistical inference.

15.3.4.1 Probability Model

Consider a phase II basket trial that evaluates the efficacy of a new treatment in K different arms
(indications). Suppose ny, patients have been treated in arm k, and ¥, of them respond. Let pj, denote
the true and unknown response rate for the arm k. We assume y;, follows a binomial distribution
conditional on ny and pg, yi | nk,pr ~ Binomial(ng,pr). Whether arm k is effective can be

examined by the following hypothesis test:
Hog i pr < g versus  Hyg @ pr > Tro, (15.6)

where 7y is the reference response rate for arm k.
MUCE constructs a formal Bayesian testing framework for (15.6). Let )\, be a binary indicator

of the hypothesis, such that A\, = 0 (or 1) represents that hypothesis Hy, (or Hyy) is true. Firstly, a

prior model for py, is built under each hypothesis. Let 6, = log (1 P ’; k) denote the log-odds of the

response rate. The null hypothesis py, < 7y is equivalent to 8 < 0y, and the alternative hypothesis

is equivalent to 0y > 0y, where 09 = log (J’;&O ) Conditional on A, MUCE assumes

0 | Ai = 0 ~ Trunc-Cauchy (60, 7; (—0, fxo]).
0. | Ay, = 1 ~ Trunc-Cauchy(6xo, 7v; (00, 0)),

where Trunc-Cauchy(6, v; A) denotes a Cauchy distribution with location € and scale ~ truncated
to interval A.

Secondly, prior models for the probabilities of the hypotheses (i.e. priors for the probabilities
of {\p = 1}) are constructed. MUCE uses a probit model as the prior model for A\;. Let Zj be a
latent Gaussian random variable, and A\, = I(Z}, < 0), where I(-) is an indicator function. Zj, is

assumed to follow a normal distribution,

Zk ~ N(nka Ug)
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Here, E(Z}) = ng, in which 7, characterizes the effect of arm k. The arm-specific effects are then

separately modeled by common priors,
i
M | 0,0 = N(no, 07).

Lastly, give 19 a hyperprior, 1o ~ N (fiy,, 02, ).

In brief, the entire hierarchical models are summarized in the following display:

Likelihood: Yk | nk, pr ~ Binomial(ng, py);
Transformation: 0, = log (m) Ok = log < TEO ) :

1 —pg 1 — o
Prior for (O, [ Ax): 01 | A = 0 ~ Trunc-Cauchy (6o, v; (—00, Oko)),

B | Ak = 1 ~ Trunc-Cauchy (640, 7; (60, 00));

) 0, ifZ, <0,
Prior for \g: A = (15.7)
1, if Z, > 0;

Latent probit regression: Zj | g, o6 ~ N(np, 08);
Arm-specific effects: Mk | Mo, 03] ~ N(no, a,%);
Hyperprior: 10 | Haos ‘77270 ~ N (finy, 07270)7

In East Bayes, the values of the hyperparameters y = 2.5, i, = 0, 0§ = 100, 07 = 1 and 07, =1
are used by default.

15.3.4.2 Trial Design

Suppose L(> 0) interim looks are planned, and the [-th interim analysis is conducted after ni:
patients have been enrolled in arm k. Let D' = {(nl,4%) : k = 1,2,..., K} denote the observed
data at interim analysis [, where yfc is the number of responders among the nﬁc patients. Denote
DI+ = {(n,?“, y,f“) :k=1,2,..., K} the observed data at the end of the trial, where né“ is
the prespecified maximum sample size for arm k and y,f“ is the total number of responders. The

proposed phase II basket trial design with L interim looks is describe as follows:

1. Enroll nl,l€ patients in k-th arm, k =1,2,..., K.
2. Given the data D' at the [-th interim look, [ = 1,2,..., L,

(a) [Futility stopping] If the posterior probability that the hypothesis of arm k, Hyg, is true

(i.e., A\p = 1)is small, i.e.,

Pri\, = 1| D"} < Phitiry,
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stop the accrual to the k-th arm for futility;

(b) Otherwise, continue to enroll patients until reaching the next interim analysis.

3. Once the maximum sample size is reached or all the arms have stopped, evaluate the efficacy
for each arm based on all the observed data. If the posterior probability that that the hypothesis

of arm k, Hyy, is true (i.e., \p = 1) is large, i.e.,
Pr{\, =1| D"} > ¢,

arm k is declared efficacious and promising; otherwise, it is considered not promising.
Similar in BBHM (§15.3.1), Step 2 is optional. In East Bayes, the probability threshold for
futility interim analysis, Pjyiry, and for the final analysis, {¢y, : k = 1,2,..., K}, are calibrated
through simulations to achieve a prespecified type I error rate for each arm, under the null scenario.

See the detailed calibration process in §15.3.1.

15.3.4.3 Discussion

MUCE is also used as a design for cohort expansion clinical trials. Finally, MUCE is a sophisticated
method, the detail of which is in Lyu et al. (2020).
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16. Meta-Analytic-Predictive (MAP) Pri-

ors

16.1 Introduction

This module briefly describes the design of a Bayesian Meta-Analytic-Predictive (MAP) priors from
historical data of the past clinical trials. Along with the functionality of creating a new MAP prior,
this interface also provides an easier way to visualize and compare different MAP priors.

Historical information has been always useful when designing clinical trials, but it could also
be incorporated in the analysis. Although, the formal use of historical information in the analysis
is controversial, but when incorporated, historical data allow us to reduce the number of subjects,
which brings down the cost and the trial duration, facilitates recruitments and may be more ethi-
cal (Schmidli et al., 2014).

Techniques for incorporating historical information are well developed in the earlier phases of
drug development, occasionally in phase II studies, special areas such as medical devices and pedi-
atric studies. Also, clinical trials where control arm is entirely replaced by historical information are
popular in phase II oncology trial but could lead to biases. Regardless of whether the information
on control is to be used in design or analysis, there is a need to provide a quantitative summary of
the available historical data. One direct way to consider the most appropriate summary is the pre-
dictive distribution of the control parameter in the new trial and in Bayesian paradigm the predictive
distribution can then be used as a prior distribution to be used into the final analysis (Schmidli et al.,
2014; Neuenschwander et al., 2010).

Use of historical data in analysis needs a more careful look because overly optimistic use
of historical data may be inappropriate due to prior-data conflict. This approach is similar to a
meta-analytic-combined analysis of historical and new data assuming the exchangeability of the

parameters across the trials.
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In the meta-analytic approach to incorporate historical data, the generated MAP prior is further
robustified (Schmidli et al., 2014). The robust prior is a mixture prior with two components. The
first one which is derived from historical data is a MAP prior and the second one is an additional
weakly informative or non-informative component that robustify against the prior-data conflict. The
weight on that second component is basically the prior probability that the current trial differs sys-
tematically from the historical data. The choice of mixing weights determines how quickly historical
information is discounted with increasing prior-data conflict. The important thing to note here is that
MAP prior is not available in analytical form. A kernel-density estimate from the MCMC sample
can be used to describe the MAP prior. In order to do a tractable posterior analysis, MAP prior is
approximated by a mixture of conjugate priors where Kullback-Leibler (KL) divergence is used a a
measure of discrepancy. When the control data and the robust prior are in clear conflict, the prior
information will be essentially discarded in the posterior analysis. Adaptive design of trials could
minimize this particular risk though (Schmidli et al., 2014; Neuenschwander, 2011).

When we design a clinical trial, we need to specify the number of subjects allocated to the
control and the treatment arm. If the historical data is used, it is very important to know the prior
effective sample size (ESS) which is the equivalent number of subjects corresponding to the prior
information.

In this module, using R Bayesian evidence synthesis Tools (RBesT) package we provide an
interface to borrow strength from historical information in clinical trials. Once relevant historical
information has been identified, RBesT supports the derivation of informative priors via the Meta-
Analytic-Predictive (MAP) approach.

In §16.2 of this document we introduce the R-shiny interface for creating and visualizing new

MAP prior from historical data and comparing those. Statistical method overview is given in §16.3.

424



Cytel

16.2. User Interface and Tutorial
16.2.1. Creating New Prior

16.2 User Interface and Tutorial

On entering the Meta-Analytic-Predictive (MAP) prior Ul interface, the users will see main two tabs
- Create New Prior and Prior Comparison and Visualization as Figure 16.1. The first tab gives
the option to create a new MAP prior from historical data and the second one provides to visualize

those and compare different MAP priors (maximum 5 now).

[WC=ICNETT I Prior Comparison and Visualization

Inputs Outputs

Figure 16.1: Two tabs in the MAP module.

New priors can be designed under Create New Prior tab and generated priors can be visualized

and/or compared under Prior Comparison and Visualization tab.

16.2.1 Creating New Prior

After clicking this tab, another two-tabbed window containing Inputs and Outputs tabs appear. In

the Input tab, there are three steps to follow to design a new prior as shown in Figure 16.2 below.

16.2.1.1 Inputs

Step 1: Type of Priors

There are two sets of radio button - Prior Derivation and Effect Parameter. The options
for effect parameter depends on the selected prior derivation. Prior Derivation has two options -
Control and Effect Size. MAP prior is derived for the control group baseline effect using historical
data exclusively on the control group when Control is selected. On the other hand, MAP prior is
derived for the treatment effect based on historical data from two-arm studies when Effect Size is

selected.

e When prior derivation is Control then Effect Parameter could be either Mean or Proportion

which denote normal or binomial endpoint, respectively (see Figure 16.3 below).

e When prior derivation is Effect Size then Effect Parameter could be Log Odds Ratio or
Log Hazard Ratio or Difference of Means which denotes treatment effect size for binomial

or survival or normal endpoint, respectively (see Figure 16.4 below).
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Inputs Outputs

Step 1. Type of Priors

Prior Derivation @ Effect Parameter @

@ Control O Effect Size @® Mean O Proportion

Apply

Step 2. Historical Data

Import Data Manual Construction

Number of Studies

;

3. Prior Generation Parameters

Historical data has not been imported yet

Compute Prior | Reset ‘

Figure 16.2: Tabs under create new prior.

Choices for Step 2 and Step 3 is updated based on the selection from Step 1 - Prior Derivaton
and Effect Parameter. In order to move to Step 2, the “Apply” button in Step 1 needs to be clicked
and it changes to “Edit” for updating the selected options and subsequently resets all the input
parameters.

Step 2: Historical Data

In this step we appropriately select the source of the historical data. Currently, there are

two ways to input data - Import Data and Manual Construction. If Import Data is selected

then a file browser interface to upload a .csv or .xlsx file (with header) is shown (see Fig-
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[aCEIQNT I Prior Comparison and Visualization

Inputs Outputs

Step 1. Type of Priors

Prior Derivation @ Effect Parameter @

@ Control (O Effect Size @ Mean (O Proportion

Apply

Figure 16.3: Effect parameters when prior dervation is Control

[€EN M Prior Comparison and Visualization

Inputs Outputs

Step 1. Type of Priors

Prior Derivation @ Effect Parameter ©
() Control @ EffectSize @ LogOddsRatio () LogHazard Ratio () Difference of Means

Apply

Figure 16.4: Effect parameters when prior dervation is Effect Size

ure 16.5). In case a user wants to know about the appropriate data format, there is a button

named “Download Data Template” and a sample file starts downloading once clicked.

Step 2. Historical Data

@ ImportData O Manual Construction

Input File (.csv, .xlsx with header)

Browse... Generate Table I X Download Data Template

Figure 16.5: Data import from file

In order to enter data manually, ‘“Generate Table” button can be clicked after giving
the appropriate Number of Studies (maximum 10) and an appropriate editable empty table
is shown there where user can put the values in each cell. One example is given below in
Figure 16.6.

On the other hand when the Import Data is selected and appropriate file with header
is uploaded, a column a selection panel is shown on the screen. Appropriate column needs

to be selected from the dropdown list before clicking Generate Table (see and example in
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Step 2. Historical Data

O ImportData @ Manual Construction

Number of Studies

3 Generate Table

Study Sample.Size Mean SE

Figure 16.6: Manual entry for historical data

Figure 16.7).

Step 2. Historical Data

@ ImportData O Manual Construction

Input File (.csv, .xlsx with header)

Browse... meanExample.xlsx Generate Table & Download Data Template

Upload complete

Study Sample Size (N) Effect (Mean) Standard Error (SE)

Study - Sample.Size - Mean v SE

Import Metadata

Figure 16.7: Appropriate column header selection before generating the table from an input file

Once the Generate Table is clicked the imported file is shown as a table. Below the im-

ported table there is a button names ‘“Import Metadata’. Once clicked the data frame in the

table is checked for the appropriate format. If it is successful, the historical data is imported

for generating the MAP prior (see Figure 16.8). There is also an “Edit” button, which helps to

edit data in the table that one enters.

Please refer Table 16.1 to Table 16.5 for the ranges of the entries in the table for different

effect parameters.
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Step 2. Historical Data

@ Import Data O Manual Construction

Input File (.csv, .xlsx with header)

Browse... meanExample.xlsx Generate Table & Download Data Template

Upload complete

Study Sample.Size Mean SE
Gastroe 74 -51 10.2297922094561
AlMedo? 166 -49 6.83012462621573
NEJMOT 328 -36 4.85898714729325
Gastr0la 20 -47 19.6773982019981
APhTh04 25 -80 17.6
Gastr01b 58 -54 11.5549660916556

Import Metadata

Figure 16.8: Imported historical data from a file

Table 16.1: Data structure for historical data when prior derivation is Control and effect parameter

is Mean
Input Parameter | Meaning Data Type Range
Study Name of the sudy Alphanumeric string Upto length 25
Sample.Size Size of the sample Integer [1,107]
Mean Mean of data Real (—00, +00)
SE Standard error of data Real (0, +00)

Once historical data is successfully entered or imported, we move to Step 3, where prior
generation parameters needs to be entered.
Step 3: Prior Generation Parameters

In this step all the parameters related to prior generation including heterogeneity, effect prior,
robustness, number of mixture components and MCMC computational parameters are specified
(see Figure 16.9 and 16.10). Also, when Effect Size is chosen as prior derivation in Step 1, then
prior generation parameters has two additional inputs namely Effect Prior and Min. Effect Size as
shown in Figure 16.10.

Heterogeneity (7) parameter has currently three options - Low, High and Known 7. Please
refer §16.3 for details. For Known 7 choice, the constant value can be entered as a positive real

number. Choice for Effect Prior and Min. Effect Size appear only when the prior derivation is
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Table 16.2: Data structure for historical data when prior derivation is Control and effect parameter

is Proportion

sponse

Input Parameter Meaning Data Type Range

Study Name of the sudy Alphanumeric string Upto length 25
Sample.Size Size of the sample Integer [1,107]
Frequency Numer of patients withre- | Integer [0, Sample.Size]

Table 16.3: Data structure for historical data when prior derivation is Effect Size and effect param-

eter is Log Odds Ratio

Input Parameter | Meaning Data Type Range

Study Name of the sudy Alphanumeric string Upto length 25

Freq.cnt Number of responders in | Integer [0, Sam-
control arm ple.Size.cnt]

Sample.Size.cnt Sample size of the control | Integer [1,107]
arm

Freq.trt Number of responders in | Integer [0, Sample.Size.trt]
treatment arm

Sample.Size.trt Sample size of the treat- | Integer [1,107]

ment arm

Effect Size (refer to last two rows in Table 16.6).

There is an option to robustify the MAP prior and that can be selected by checking the box next

to Add Robust Component and typing the mixture weight for the component in the box labelled as

Component Weight. In order to use the MAP prior conveniently, the kernel density estimate from

the MCMC samples are approximated by a mixture of conjugate priors. Users have an option to

find the Number of Mixture Components automatically or set it manually. Finally, there are three

computational parameters - first one is Random Seed, which is useful to make the results exactly

reproducible, second one is No. of MCMC Runs and the last one is ESS Computational Method

or methods by which effective sample size (ESS) is calculated.

The main advantage of using historical information is the possibility to reduce the number of
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Table 16.4: Data structure for historical data when prior derivation is Effect Size and effect param-

eter is Log Hazard Ratio

Input Parameter Meaning Data Type Range
Study Name of the sudy Alphanumeric string Upto length 25
NEvents.cnt Number of events in the | Integer [1,107]

control arm

NEvents.trt Number of events in the | Integer [1,10°]

treatment arm

control patients, as the informative prior is effectively equivalent to a certain number of control
patients. This is called the effective sample size (ESS). Note that the moment matching approach
leads to conservative (small) ESS estimates while the Morita (Morita et al., 2008) method tends
to estimates liberal (large) ESS estimates when used with mixtures. Also, number of MCMC runs
includes 2000 burn-in iterations.

Once all the parameters are successfully entered there is a button named “Compute Prior” and

once that is clicked the computation for MAP prior begins.

3. Prior Generation Parameters

Heterogeneity (Tau) @ Number of Mixture Components @ Random Seed
Known T - Add Robust Component @ Manual e 123
Constant Value Component Weight Define Number No. of MCMC Runs

B 02 3 4000

ESS Computation Method @

moment -

moment

morita

Figure 16.9: Prior generation parameter when historical data is borrowed from control arm only

All the choices for input prior generation parameters can be seen in Figures 16.9 and 16.10.
The details of the range and default values are given in Table 16.6.

There is also a “Reset” button next to the “Compute Prior”. All the input parameters and output
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Table 16.5: Data structure for historical data when prior derivation is Effect Size and effect param-

eter is Difference of Means

Input Parameter Meaning Data Type Range

MeanDiff Mean effect difference | Real (—00, +00)
between the treatment
and control arms

Sample.Size.cnt Sample size of the control | Integer [1,107]
arm

Sample.Size.trt Sample size of the treat- | Integer [1,10°]
ment arm

SE.cnt Standard error of the con- | Real (0,400)
trol arm

SE.trt Standard error of the | Real (0, +00)
treatment arm

3. Prior Generation Parameters

Effect Prior ©

Skeptical A -0.2

Heterogeneity (Tau) ©

Known T v 1

Compute Prior

Reset

Min. Effect Size @

Add Robust (2]
Component

ConstantValue

Component Weight

0.2

Number of Mixture Comy

Seed

Manual

Define Number

3

123

No. of MCMC Runs
4000

ESS Computation Method @&
moment -

moment

morita

Figure 16.10: Prior generation parameter when historical data is borrowed from two arm studies

results get reset once “Reset” button is clicked.

16.2.1.2 Outputs

Upon a successful computation of MAP prior, the summary from MCMC samples and density plots

and other important information are shown on Outputs tab. Under this tab we have the information

432



Cytel

16.2. User Interface and Tutorial
16.2.1. Creating New Prior

Table 16.6: Different prior generation parameters and their choices

Input Parameter | Meaning Range Default
Heterogeneity Prior for the between-trial | {High, Low, Known 7} High
(Tau) heterogeneity
of the random effects
meta analytic model.
Constant Value Between trial standard de- | (0, +00) 1
viation
Component weight | Weight of robust compo- | (0, 1) 0.2
nent
Number of Mixture | Component to fit a mix- | [1,50] 3
Components ture model
Random Seed Random seed to make the | [1,107] 123
results reproducible
No. of MCMC | Total MCMC iterations | [4000, 15000] 4000
Runs including 2000 burn-in it-
erations
ESS Computation | Possible ways to calculate | {moment, mortia} moment
Method effective sample size
Effect Prior Type of effect prior Skeptical, Enthusiastic Skeptical
Min. Effect Size Minimum Effect size (—00, +00) -0.2

regarding the generated MAP prior. The name of the distribution is Mixture Density of Conjugate

Normal Distributions or Mixture Density of Conjugate Beta Distributions depending on the

endpoint whether it is normal or binary. Next, we show the summary statistics for the MCMC

samples and effective sample size (ESS). In the next section the parameters and mixture weights for

all the components in the mixture distribution are shown. In Figure 16.11, for example,we show all

the information related to MAP prior for an example when Prior Derivation and Effect Parameter

are selected as Control and Mean, respectively. Below the summary information, we have three

plots - first one is the forest plot of the estimated mean and standard deviation (SD), next one is

the kernel density plot for MAP prior from the MCMC samples and the final one is the density

plots for the components of the MAP prior along with the robust component if that is present (see
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(6= CNENRVd  Prior Comparison and Visualization

Inputs Qutputs

Distribution Mixture Density of Conjugate Normal Distributions
MCMC Sample mean -44.87

sd3.55

2.5%-51.67

50%-44.87

97.5% -37.84

Effective Sample Size 614.63

Mixture Distribution Components Parameters

compi comp2 comp3  robust

Weight 0.35 0.24 0.21 0.20
Mean -42.86 -44.99 -48.34 -44.87
sD 3.06 2.27 2.49 3.55

Figure 16.11: Information regarding the generated MAP prior

Figure 16.12 as an example)

Forest Plot of Mean and SD Histogram and Density Plot of MCMC Samples Density Plots of MAP Prior Components
Gastr -+— T =
AIMed07 ';.'_'
NEIMO7 _‘_- = Comp. [%]
o == compl 358
Gaw0lay 7T _‘_ """"""" £ comp2 26.6
]
APHThOs | = = = = = = PENSEESEEE VO, A = comp3 10.6
o comp4 7.1
GastrO1b - g h = robust 20.0
Mean
MAP
a ‘Mean : Mean

Figure 16.12: Information regarding the generated MAP prior

At the end of the Output page, users have options to save the MAP prior result in a file in the
cloud, load the results of a MAP prior from a file in the cloud. Apart from “Save MAP Prior” and
“Load MAP prior”, user can also download the .rds file related to a MAP prior to the local machine
by selecting the name of the MAP prior and clicking the “Download MAP Prior”. There is also a
delete option where user can delete a selected MAP prior from the cloud storage by clicking the
button “Delete MAP Prior”. Note that, while saving the file the name of the file cannot contain any

special character. These options can be found in Figure 16.13.
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. : 7] I —
i Save MAP Prior X Load MAP Prior | & Download MAP Prior ‘ [ Delete MAP Prior

Figure 16.13: Save, Load, Download or Delete a MAP prior

16.2.2 Prior Comparison and Visualization

In the Prior Comparison and Visualization tab, there is a selection box where minimum two and
maximum five MAP prior could be selected and compared side by side. Once the appropriate MAP
priors are selected and “Compare Priors” is clicked, the densities of selected MAP priors are shown
together overlapping each other. Below this plot, corresponding Prior Generation Parameters
are shown side by side. User can quickly compare those parameters at a glance (see Figure 16.14
as an example). Next, there is a set of radio buttons to choose a prior that is in this set. Once
particular prior is selected, under the Description of Given Priors historical data, summary of
MCMC samples, parameters of the MAP prior components and a set of three plots similar to the
Outputs tab are shown for that particular selected MAP prior (see Figure 16.15 as an example). This

part is very similar to the results shown under Outputs tab, so please refer §16.2.1.2 for details.
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Select MAP Priors

Priors (Minimum 2 and Maximum 5 priors can be selected)

mean_without_robust mean_with_robust

MAP Prior Comparison and Visualization

Prior name

= mean_wihou?_robust

== mean_wh_robus!

Mean

mean_without_robust mean_with_robust
Arm Control Control
Heterogeneity.Prior High High
Num.Components 4 4+robust
Effective.Sample.Size 19.53 (moment) 19.53 (moment)
Mcmc.Mean -50.64 -50.64
Mcme.Sd 19.92 19.92
Robust 0.0 0.2

Figure 16.14: MAP Prior comparison and visualization
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Description of Given Priors

O mean_without_robust @ mean_with_robust

Historical Data

Study
Gastrog
AlMedo7
NEJIMOT
Gastr01a
APhTh04

Gastrolb

Output Distribution

MCMC Sample

Distribution parameters:

Weight
Mean

sD

mean : -50.64
sd:19.92
2.5%:-93.76
50%:-49.16
97.5%:-10.44

compl

Forest Plot of Mean and SD

Gastr6

AlMeal?

NEIMOT

Gastrilla

APKTHO

Gastrdl

Meas:

MAP

-56.11

15.86

Sample.Size
74.00

166.00
328.00

20.00

25.00

58.00

Histogram and Density Plot of MCMC Samples

-100 0
Mean

comp3

-37.32

16.64

Density

Mean
-51.00
-49.00
-36.00
-47.00
-80.00

-54.00

comp4

-57.01

4824

Density Plots of MAP Prior Components

0.0

00

001

000

Comp. [%]

SE

10.23

4.88
19.68
17.60

11.55

robust

-50.64

18.91

compl 35.8
comp? 26.6
comp3 10,6
compd 7.1
robust 20.0

Figure 16.15: Description of selected prior
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16.3 Statistical Methods Review

16.3.1 Meta-Analytic-Predictive (MAP) prior generation

Table 16.7: Prior Derivation, Effect Parameters and Endpoints

Prior Derivation Effect Parameters Description Endpoints

Control Mean Treatment  effect | Normal
for control arm

Control Proportion Response rate for | Binomial
control arm

Effect Size Difference of Means Difference of treat- | Normal
ment effects in a
two-arm study

Effect Size Log Odds Ratio Log of odds ratio | Binomial
for treatment rates
in a two-arm study

Effect Size Log Hazard Ratio Log of hazard rates | Survival
for a two-arm study

Based on the RBesT package supports the generation of Meta-Analytic-Predictive (MAP) prior

using historical meta data. The tool generates a prior from user-imported historical metadata either

for a single control arm or for the effect size for Normal (A Means), Binomial (log-OR) and Survival

(log-HR) endpoints. Several MAP priors can also be compared visually using this tool. In Table 16.7

we see the endpoints and the descriptions based on the selection of Prior Derivation and Effect

Parameter. In the following sections, we assume the historical data are on effect sizes but the same

theory is applied when the historical data are from single control arm as well.

16.3.2 Historical Data: Observed Effect Sizes

Let us denote the historical effect size and parameters of the H historical trials by Y, = {Y1, Yo, --- , Y}

and Oy = {01, 0, -

rameters in the new trial by Y, and 0,.. We could write the structure as a hierarchical model

Y3|0n ~ F(0p;n4),

Onln ~ G(n),

n~r

- ,0p} where H = {1,2,--- , H} and let us also denote the data and the pa-
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where H = {1,2,---,H,*} and ni,ng, - ,ng,n, are the sample sizes of the trials. These
sample sizes (events) are needed to compute standard errors s, where h € H. Also, F,G, P are
sampling, exchangeability (random-effects), and hyper-prior distribution, respectively. Inference
for control parameter 6, in the new trial is based on both Y, and Y3;. A MAP prior is denoted by
p(0+|Y%) and derived from the historical data at the design stage. Finally at the end of the trial the
current data Y, is combined with the MAP prior using Bayes’ rule i.e p(6.|Y1, Yo, -, Yy, Vi) x
p(Yi|0:)p(04Y1, Y2, -+, YE).

16.3.3 MAP approach

Each Y}, is assumed to be available estimates for trial specific parameters 61, ..., 0. In the MAP
approach the historical data is used to predict the effect size estimate to be observed in the actual
trial (6*).

16.3.3.1 Likelihood and prior
The historical data Y}, from n, patients in the h-th trial are distributed as
Yul0h ~ N(0y,s2), h=1,2,--- H. (16.1)
The similarity of new and historical trials is expressed by the following prior
01,02, ...,00,0%u, % ~ N(u,12) (16.2)

Further locally uniform prior is assumed for z which for known between trial variance (72)

results in the predictive distribution of interest -

. YwpYn 1 2
0*1Y1,Ys,...Y; ~ N 16.3
‘ 1,12, H,T ( th 7th+7— ) ( )

L This shows how the heterogeneity parameter () controls the information on

2, 2"
sy +T

6* borrowed from the historical trials data.

where w;, =

In a random-effects model, the prior distribution for the heterogeneity parameter (7) is taken to
control the degree of prior belief on the relevance of the historical data. For example on the log-OR
scale, using a Half-Normal with standard deviation 1 puts around 5% probability to 7 > 2 which
correspond to 5% chance that the historical data carries no relevance about 8* in the new trial. The

tool implements such prior for 7 with two options:

e High heterogeneity: 5% probability that historical data has no relevance about 6*
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e Low heterogeneity: 5% probability that historical data has no relevance about 6*
e Known 7: A user defined known between trial standard deviation can also be used.
The tool implements hierarchical model and offers two options for the prior for p:

o Skeptical: This puts around 5% chance that the effect size exceeds the minimal clinically

relevant effect size.
¢ Enthusiastic: This ensures around 5% chance that the effect size is less or equal to zero.

Based on the above equations 16.1 and 16.2 and hyper-prior, MAP prior distribution pg (6.) =
p(04|Y1, Y2, -+, Yp) for the new trial can be derived. Markov Chain Monte Carlo (MCMC) sam-

(1) g@ .. gl

ples can be generated as 6,7, 6,7, - , where M is the number of samples.

16.3.3.2 Approximation of MAP Prior

A kernel-density estimate from the MCMC samples can be used to describe the MAP prior. But
there are practical disadvantages of working with such density estimate due to a large number of
parameters. An approximated, compact and tractable representation is a mixture of conjugate pri-
ors (Schmidli et al., 2014), e.g., for normal endpoint, the mixture prior can be written as

K
Pr(0:) = p(0.]Y1, Yo, -+ Yir) = > wi N(0uli, 07),
k=1
such that Zi{zl wg = 1. According to Diaconis (1985), any prior can be closely approximated
in this way. The number of components, K, the weights of the mixture components {wk}le
and the corresponding hyperparameters need to be specified in order to derive this closed-form
representation. The Kullback-Leibler (KL) divergence is used to compute the distance between the

exact MAP prior py(6,) and the approximated MAP prior pg (). The KL divergence is written as
KL(pu(0+),pr(0:)) = / log{pm (0+)} pr (0x) dbx — / log{pu(0)} pr (0+) dbs.  (164)

The best approximation in terms of mixing weights {wk}szl and hyperparameters of the conjugate
prior can be obtained by maximizing the second term of the equation 16.4. Note that a Monte-
Carlo estimate of the integral is given by ﬁ Ef\i 1 log{p H(G@)} where 01 is a sample from the
posterior distribution. This term is identical to the log-likelihood of the MCMC sample with mix-

ture model py(f,) and hence those mixing weights and hyperparameters can also be obtained as
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maximum-likelihood estimates (Schmidli et al., 2014). Currently the choice of the number of com-
ponents, K can be done numerically. The entire approximation can also be carried out as a non-
parametric Bayesian density estimation process using mixture of Dirichlet process or mixture of
Polya trees (Hjort et al., 2010; Miiller et al., 2015).

16.3.3.3 Robustification of the MAP prior

Use of historical data in a new trial requires careful selection of the historical trials because ex-
changeability of the parameters is an important assumption here. In order to address the possible
prior-data conflict, a robust version of MAP prior is often preferred, where the MAP prior is added
with a vague non-informative or weakly informative conjugate prior (Schmidli et al., 2014) and
expressed as

PrR(0x) = (1 —wr)pH (0+) + wrpr(0s) (16.5)

where prr(0) is the approximated MAP prior and pg(.) is the weakly informative or non-informative
conjugate prior. wg is the prior probability that new trial systematically differs from historical trials.
The choice of wg in equation 16.5 determined how quickly the effect of historical data goes away
with the increase of prior-data conflict. When historical data and new data are in clear conflict, the
prior is discarded if the MAP prior is robust. Also note that, if this vague prior is proper then the
mixing weight can be interpreted as a probability, but for an improper flat prior, it won’t be the case.
From the above equation 16.5 we can see that the robust MAP prior is again a mixture of conju-
gate priors, therefore the posterior is also a mixture of conjugate posteriors with updated mixture

weights.

16.3.3.4 Effective sample size(ESS) of the robust MAP prior

While borrowing strength from historical trial information, it is useful to quantify the prior effective
sample size (ESS). For conjugate priors, the ESS is relatively easy to obtain for the exponential
family of distributions. For example, for binary endpoints ESS = a + b for the prior Beta(a,b).
For non-conjugate prior, normal approximations can be used (Morita et al., 2008). The ESS is the
sample size such that the expected information of the posterior under a non-informative prior is the
same as the information of the informative prior p(,) where the information is evaluated at the

mode of the informative prior (Schmidli et al., 2014).
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nary Outcome)

17.1 Introduction

This module briefly describes a Bayesian adaptive design with Meta-Analytic-Predictive (MAP)
prior (Binary Outcome) (Schmidli et al., 2014), which utilize historical data of the past clinical
trials. This interface provides an easier way to perform trial simulation and examine the operating
characteristics of the adaptive design with MAP prior (Binary Outcome).

Historical information is useful for clinical trial design as it can save time and effort, and reduce
the number of subjects. This data must be used in an appropriate way as it might create a prior data
conflict, i.e., bias.

One way to introduce data is to include it from previous studies, which might provide useful
information about potential treatment effects and/or variability for the control group in a new study.
This can be used for sample size and power calculations. The historical control group information
also can be incorporated into analyses of treatment group effects.

Sometimes past information might not be relevant for the new trial. Hence there is a need
to introduce few subjects or the data from the current phase to derive correct results. This can be
overcome by deriving a Bayesian meta-analytic-predictive prior from historical data, which is then
combined with the new data.

For more information on how to derive the Bayesian-meta-analytic prior, see Meta-Analytic-
Predictive (MAP) prior generation section in Meta-Analytic-Predictive (MAP) Prior help.

This generated MAP prior is further robustified, with a mixture of two components. The first
component is derived from historical data and the second component robustifies against the prior-
data conflict.

The Adaptive Design with MAP Prior (Binary Outcome) - feature can be used extensively
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in phase II clinical trials. You can use this feature to check the efficacy of the investigated drug
in the treatment arm against a marketed drug in the control arm. In this type of trial, patients are
enrolled and randomized to the two arms by a fixed ratio.

The efficacy observation is completed by concluding whether the investigated drug (treatment
arm) is better than the marketed drug (control arm) based on the data collected in the trial. Adaptive
design with Meta Analytic Prior uses information collected from historical trials of the marketed
drug in the control arm.

In §17.2 of this document we introduce the interface for creating and launching new adaptive
designs with MAP prior from historical data and comparing those. Statistical method overview is

given in §17.3.
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17.2 User Interface and Tutorial

Adaptive Design with MAP Prior (Binary Outcome) has three tabs, Setup, Results, and Result
Details.

17.2.1 Setup

17.2.1.1 Design

You can add a maximum of four designs using this section. In the Design section enter the parame-
ters in Planned Sample Size, Control Arm Prior, and Treatment Arm Prior.
Planned Sample Size

Enter the parameters Interim Look and Final for Control Arm and Treatment Arm in the

Planned Sample Size section.

Design (Max. 4)

Design 1 ~ @ @

Figure 17.1: Designing Simulation — Planned Sample Size

Table 17.1: Designing Simulation — Planned Sample Size

Input Parameter Range Data Type
Interim Look Control Arm sample size [1,10000] Integer
Interim Look Treatment Arm sample size [1,10000] Integer
Final Control Arm sample size [1,10000] Integer
Final Treatment Arm sample size [1,10000] Integer

Final Control Arm sample size is re-estimated during simulation.

After entering details in the section, you can move to the Control Arm Prior.
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Control Arm Prior
Enter the details in the Control Arm Prior section in the following order:

In Prior Generation Parameters section (Table 17.2),

1. Select Heterogeneity, Add Robust Component and enter Component Weight (if Robust Com-
ponent is selected).

2. Select Mixture Components, enter No. of MCMC Runs.

3. Select ESS Computational methods.

Planned Sample Size  Control Arm Prior Treatment Arm Prior

Add Robust Component

High : Automatic : 4000

+ Add Table Row

Figure 17.2: Designing Simulation — Control Arm Prior

For more information on Heterogeneity, Add Robust Component, Number of Mixture
Components, No. of MCMC Runs, and ESS Computation Method, see Meta-Analytic-Predictive
(MAP) prior generation section in Meta-Analytic-Predictive (MAP) Prior help.

In Historical Data section, enter the parameters for Historical Data (Table 17.3).
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Table 17.2: Designing Simulation — Control Arm Prior

Input Parameter | Description Range Data Type
Heterogeneity (7) Prior for the between-trial het- | {High, Low, | Categorical
erogeneity (7) of the random ef- | Known}
fects meta analytic model.
If Heterogeneity (7) is selected as Known 7, enter 7 as follows:
Heterogeneity (1) Between trial standard deviation | [le-6, 1e+6] Numeric
Component weight | Weight of robust component ©,1) Numeric
Number of Mixture {Automatic, Man- | Categorical

Components

ual}

If Number of Mixture Components is selected as Manual, enter the Number of Mixture

Components as follows:

Number of Mixture | Components to fit a mixture | [1, 10] Integer
Components model

No. of MCMC | MCMC iterations [4000, 15000] Integer
Runs

ESS Computation | Options to calculate effective | {Moment, Morita} | Categorical

Method

sample size

Table 17.3: Designing Simulation — Control Arm Prior — Historical Data
Input Parameter | Description Range Data Type
Study Study Name 30 Characters String
Sample Size Sample size in each historical | [1, 10000] Integer
trial
No. of Responses Number of patients with re- | [0, Sample Size] Integer

sponses in each historical trial
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17.2.1. Setup
Treatment Arm Prior
In the Treatment Arm Prior section,
1. Enter the response rate for treatment arm as «y and ;.
Design (Max. 4
Design 1 ~ O m
Figure 17.3: Designing Simulation — Treatment Arm Prior
Table 17.4: Designing Simulation — Treatment Arm Prior
Input Parameter Description Range Data Type
o Shape parameter for beta prior | [le-6, 1e+6] Numeric
distribution of response rate in
the treatment arm
Bt Shape parameter for beta prior | [le-6, le+6] Numeric
distribution of response rate in
the treatment arm

Once this step is completed, move to the Scenarios section.

17.2.1.2 Scenarios

You can add scenarios using the following modes:

e Add Auto: Values for true response rate are added by default. By default, true response rate

of control arm p,. is 0.2.

e Add Manual: Enter the values for true response rate of treatment arm p, manually for each
scenario. In the first scenario, the value you enter for true response rate of treatment arm p;
is also added in control arm p.. field as it must be same in scenario 1. Here, value for control

arm p, is carried over for the next scenarios as well.
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You can add a maximum of four scenarios. Copy or delete a scenario using the “Copy” and

“Delete” icons under Actions.

Scenarios (Max. 4)

Linull) 0.2 02 [{sI )
z 0.2 0.3 0 o
3 0.2 04 0o

+AddAuto |+ Add Manua

Figure 17.4: Adding Scenarios

Table 17.5: Adding Scenarios

Input Parameter | Description Range Data Type

De True response rate of control | (0,1) Numeric
arm

j True response rate of treatment | (0,1) Numeric
arm

17.2.1.3 Simulation Parameters

Enter the Simulation Parameters as follows:

Simulation Parameters

01 10 32432

Launch Simulation Reset

Figure 17.5: Simulation Parameters

448



Cytel

17.2. User Interface and Tutorial
17.2.3. Result Details

Table 17.6: Simulation Parameters

Input Parameter | Description Range Data Type
Type I error rate Type I error rate O, 1 Numeric
Ngim Number of simulations [1,10000] Integer
Rieed Simulation seed value [1,1e+6] Integer

17.2.2 Results

After you launch the simulation, you can check the status in the Results tab.

Untitled Va EB 160 2022-12-1902:21:00 00:02:54 1 a

Untitled Vad EB 160 2022-12-1902:19:44 00:02:38 1

Figure 17.6: Results

You can provide a specific result name for each simulation. In the above screenshot, all the
details related to the simulation are displayed; like Launch Date Time, Duration, # of Designs, #
of Duration, Actions (Download Report and Delete Simulation Result).

Click View under the Actions column in the Results tab to view Simulation Output. The

detailed output is available in the Result Details tab.

17.2.3 Result Details

The following output parameters are available for the Result Details tab:

o Summary of Performance

o Intermediate Output: MAP Priors
Summary of Performance
e Simulation Results

Select the design and scenarios in the following drop-down box to generate the tables for respective

design and scenario.
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Table 17.7: Simulation Results

Output Parame- | Description Data Type
ter
Planned Power (2- | The 2-sided power using two-sample z-test given planned | Numeric
sided) sample size, response rates of treatment and control arms,
and type I error rate
Planned Power (1- | The 1-sided power using two-sample z-test given planned | Numeric
sided) sample size, response rates of treatment and control arms,
and type I error rate
Actual Power The proportion of simulated trials in which the treatment | Numeric
arm produces more desired result than the control arm con-
trol.
Avg. Sample Size | The average number of patients treated at the control arm | Numeric
(Std. Deviation) — | in a simulated trial and its standard deviation, averaging
Control across all the simulated trials.
Avg. Sample Size | The average number of patients treated at the treatment arm | Numeric
(Std. Deviation) — | in a simulated trial and its standard deviation, averaging
Treatment across all the simulated trials.
Avg. Sample Size | The average number of patients treated in a simulated trial | Numeric
(Std. Deviation) — | and its standard deviation, averaging across all the simu-
Total lated trials.
Avg. # of Re- | The average number of patients which experience efficacy | Numeric
sponses (Std. Devi- | outcome at the control arm in a simulated trial and its stan-
ation) — Control dard deviation, averaging across all the simulated trials.
Avg. # of Re- | The average number of patients, which experience efficacy | Numeric
sponses (Std. Devi- | outcome at the treatment arm in a simulated trial and its
ation) — Total standard deviation, averaging across all the simulated tri-
als.
Posterior Effiective | The average posterior effective sample size of the con- | Numeric
Sample Size (Std. | trol arm in a simulated trial using the computation method
Deviation) — Con- | (Moment/Morita) which is specified by users in input page
trol after the interim look is completed.
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Summary of Performance  Intermediate Output: MAP Priors
Design
Designl X Scenariol X  Scenario? X Scenario3 X  Scenariod X Show Results
SIMULATION RESULTS
1y Design. D 1 1
1 2 3 a
(e, pt 0.2,02) 02,03 (0.2,0.4) (02,07
d 0.0 0.572 0.971 1
Planned Pe
Lesid 0.1 0.707 0.988 1
tal P 01 0.8 1 1
Control 92.1(6.28) 92.8(5.865 916 (5.739) 88.3(3.623)
e s il Treatment 150 (0) 150(0) 150(0) 150(0
(std. Deviation)
Tota 242.1(6.28) 2428 (5.865 2416 (5.739) 2383(3.623)
Control 18.8(3.584) 1762633 19377, 195 (2.224)
g, # of
Std. Dev
Treatment 28.8(3.293) 43.5(6.502 59.3(7.025) 107.2(3.011)
Postarior Efectius Sampla Siza Control 57.205(8.2) 57.173 (6.846) 57.78 (7.993) 62.324 (3.724)
(std. Deviation)

Figure 17.7: Results Details — Summary of Performance

e Power Comparison

Power Comparison graph is displayed based on Design as well as Scenarios.

Graph based on Designs is displayed on Result Details tab in Simulation Output section as
follows: (Figure 17.8)

Graph based on Scenarios is displayed on Result Details tab in Simulation Output section
as follows: (Figure 17.9)

Interpretation: Actual Power denotes the proportion of simulated trials in which the treatment
arm is doing better than control. For scenario 1, planned power (1-sided) must be type I error rate
that you enter (planned power (2-sided) must be half of type I error rate that you enter). Note that
this is a null scenario. And the result of scenario 1 is used to calibrate the threshold of declaring
promising treatment arm. For other scenarios, if actual power is larger than planned power, that

shows the design has its strength, and it does utilize historical data.
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Power Comparison
Designs

Scenarios
—@- Planned Power(2-Sided)

=@~ Planned Power(1-Sided)

1

0.8
0.2
h I'_JII\J: D1-82 D1-583 D2 _:_f'l‘:,.. _._f'::}
Figure 17.8: Power Comparison - Designs
Power Comparison
Scenarios Designs
~@- Plannead Power(1-5ided) -4 Planned Power(2-Sided
0.8
Scenario 1 Desigr
0.6 Power : 0.1
= ® Planned Power(1-Sided
; ® Planned Power(2-Sided) : 0.05
0.2
§1-D1 $1-D2 $2-D1 $2-D2 S3.L §3-D2
Figure 17.9: Power Comparison - Scenarios

e Sample Size Comparison (Control Arm)
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Sample Size Comparison (Control Arm) graph is displayed based on Design as well as Scenarios
(Same as Power Comparison).

Graph based on Designs is displayed on Result Details tab in Simulation Output section as
follows: (Figure 17.10)

Sample Size Comparison{Control Arm)

Scenarios Designs

—@- Planned Sample Size for Control Arm

Sample Size
@

Avg

Figure 17.10: Sample Size Comparison (Control Arm) - Designs

Graph based on Scenarios is displayed on Result Details tab in Simulation Output section
as follows: (Figure 17.11)
Interpretation: When the actual power is larger than or equal to planned power in a scenario,

the lower the actual sample size than planned sample size, the better the design.
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Avg. Sample Size

11

[==]
=1

60
bl

[l

Sample Size Comparison{Control Arm)

Scenarios Designs

=@~ Planned Sample Size for Control Arm

Intermediate Output: MAP Priors

e MAP Prior Visualization

Density plot of the mixture of beta distributions for each design (Figure 17.12).

Figure 17.11: Sample Size Comparison (Control Arm) - Scenarios
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MAP Prior Visualizations

3+
2.5
2_
—@- Design 1
=
2 5] Design 2
[
[a]

0.5 \

0 0.2 0.4 0.6 0.8 1
Proportion

Figure 17.12: MAP Prior Visualization

e MAP Prior Comparison

The output is available in Intermediate Output: MAP Priors on Result Details tab in Simulation

Output section as follows:
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Table 17.8: MAP Prior Comparison

Output Parame- | Description Data Type
ter
Heterogeneity Prior for the between-trial heterogeneity (7) of the random | Numeric
Prior effects meta analytic model.
No. of Compo- | The number of components to fit a mixture model. (Spec- | Integer
nents ify in input page if Manual selected; otherwise, its com-
puted automatically)
Robust Weight of robust component. (If selecting to add robust | Numeric or
component and specify the weight of robust component in | NA
input page, its numeric; otherwise, NA)
Effective Sample | Computed effective sample size of the map prior on | String
Size the control arm using the computation method (Mo-

ment/Morita).

e Computed RMAP Prior Parameters

Components in computed MAP prior for each design are displayed as follows:

COMPUTED RMAP PRIOR PARAMETERS

Design 1

Weight

Design 2

compl comp2

0.572 0.428

7.297 1.279

13.822 1.519

Figure 17.13: Computed RMAP Prior Parameters
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Table 17.9: Computed RMAP Prior Parameters

Output Parame- | Description Data Type

ter

Weight Weight of each beta distribution in the mixture for each | Numeric
design

o Shape parameter of each beta distribution in the mixture | Numeric

for each design

B Shape parameter of each beta distribution in the mixture | Numeric

for each design
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17.3 Statistical Method Review

17.3.1 Adaptive design with MAP prior (Binary Outcome)

Consider two arms, treatment and control, in the innovative design. Number of responses in the

control and treatment arms, ¥, and v, are generated through binomial distributions:

Ye ~ B(nc,pc) and y; ~ B(ntupt)'

Specify the number of patients in control and treatment arms; denoted as n. and n;, and true re-
sponse rates as p. and p; respectively.

Towards the end of the trial, posterior probability is calculated to check whether treatment
arm is better than the control arm with different priors imposed on response rates of treatment and
control.

For the treatment arm, you can assume py, following a simple beta distribution Beta(ay, 5¢)
and for the control arm, p. to follow a mixture of beta distributions computed through a MAP prior
method.

You can consider one interim analysis in the design. In this case, n. and n; are split into n1.,
N9 and Ny, Nog, 1.€.,

Ne =MNiec + N2 and 1y = nyg + N

Enter the n1. and n; as planned sample sizes at the interim analysis and n. and n; as planned
sample sizes at the final of the trial.

At the interim analysis, ng. is re-estimated using the posterior effective sample size computed
by the Moment or Morita (Morita et al., 2008) methods.

Let ESSy denotes the posterior effective sample size based on data of the control arm after
the interim analysis with a MAP prior. The re-estimated sample size for the control arm after the

interim analysis is calculated as
Nge = max(ne — ESST, nmin)

Default value of npy;y) is fixed as 5.

In most cases, £.SSy is larger than nj. as the computation of £S.St is based on information
from both ni. patients in the control arm and the MAP prior. However, in some special cases, the
MAP prior may differ a lot from the actual data of the control arm, which results in ESS7 < ni.

and also no. > noc.
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In that case, the MAP prior and ny. cannot be used in the rest of the trial. In the engine, you

can enroll no. patients for the control arm and make a final decision with a beta prior Beta(c., ;)

imposed on p., where a. = 8. = 0.5 by default in East Bayes.
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18. Sample Size Calculation for Binary

Outcome

In this Module, we implement the sample size calculation for binary endpoint, which include the

following functions shown in Table 18.1.

Table 18.1: Function implementation in sample size calculation for binary endpoint.

Number of Arms  Test Objectives One- or/and Two-sided Contents Section
One Equality One-sided & Two-sided Z-test Section 18.1.1
Equivalence - Z-test Section 18.1.2
Non-inferiority - Z-test Section 18.1.3
Superiority - Z-test Section 18.1.3
Agreement One-sided & Two-sided Cohen’s Kappa Section 18.1.4
Two (independent) Equality One-sided & Two-sided Z-test Section 18.2.1
Equivalence - Z-test Section 18.2.2
Non-inferiority - Z-test Section 18.2.3
Superiority - Z-test Section 18.2.3

Two (paired)

McNemar’s test

One-sided & Two-sided

Section 18.3

18.1 Single arm

Leta;,i=1,- -

, n be the binary response observed from ¢th subject. In clinical research, x; could

be the indicator for the response of tumor in cancer trials, i.e., x; = 1 for responder or z; = 0 for

non-responder. It is assumed that x;’s are i.i.d. with P(x; = 1) = p, where p is the true response
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rate. Since p is unknown, it is usually estimated by

n
E Z;.
1=1

Also, let e = p—pg be the difference between the true response rate of a test drug (p) and a reference

p=

S

value (pg). In practice, it is of interest to test for equality (i.e., p = pg), non-inferiority (i.e., p — pg is
greater than or equal to a pre-determined non-inferiority margin), superiority (i.e., p — po is greater
than a pre-determined superiority margin), and equivalence (i.e., the absolute difference between
p and pg is within a difference of clinical importance). The following are details of sample size

calculation with single arm.

18.1.1 Test Objective: Equality
18.1.1.1 Methods

e Hypothesis: To test whether there is a difference between the true response rate of the test
drug and the reference value, the following hypotheses are usually considered,
(Two — sided)
Hy:e=0 wersus Hj:e#0

(One — sided)
Hy:e<0 wersus Hj:e>0

e Formula: Using the value of p to compute the standard deviation in z-test statistic, we can
get sample size n from,
(Two — sided)

(2a/2 + 23)*p(1 — p)
2

€
(One — sided)

(2a + 23)°p(1 — p)

n =
€2

where z,, is the upper ath quantile of the standard normal distribution.

18.1.1.2 Input and Output

e Input:

1. po: areference value(response rate for the historical control)
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2. p: true response rate of the test drug
3. «: type I error rate

4. B: type Il error rate (Power: 1 — 3)

e QOutput: sample size n

18.1.1.3 An Example (Single-arm Equality Two-sided Test)

Suppose that the response rate of the patient population under study after treatment by a test drug
is expected to be around 50% (i.e., p = 0.50). At a = 0.05, the required sample size for having
an 80% power (i.e., 1 — 8 = 0.8) for correctly detecting a difference between the post-treatment
response rate and the reference value of 30% (i.e., p9 = 0.30) can be obtained by the following

steps,
e Select SAMPLE SIZE: Binary Outcome.
e Select Number of Groups: One, Test Objective: Equality and 1 or 2 Sided Test: 2-Sided.
e Input pg,p,@and 1 — 3.

e Click Submit.

Then the computed sample size is 50 using Z-test in this situation, shown in Figure 18.1.

18.1.2 Test Objective: Equivalence
18.1.2.1 Methods

o Hypothesis: To establish equivalence, the following hypotheses are usually considered,

Hy:|lp—po| >6 wersus Hy:|p—po| <,

or
Hy:le| >0 wersus Hi:l|e| <6,

The proportion of the responses is concluded to be equivalent to the reference value of pg if

the null hypothesis is rejected at a given significance level.

e Formula: Using the value of p to compute the standard deviation in z-test statistic, we can

get sample size n from,
(2t zg/2)*p(1 — p)
(0 — lef)
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18.1. Single arm
18.1.2. Test Objective: Equivalence

Figure 18.1: An Example (Single-arm Equality Two-sided Test)

Two-Sided Equality Test for One-Sample Mean

Number of Groups

One

Two (independent) Z-test

Two (paired:McNemar's test)
In a two-sided z test for one-sample mean, at the significance level of 0.05, a sample size of 50 is needed to
Test Objective achieve 80% power when the mean response for the historical control is 0.3 and that for the treatment is 0.5.

Equality

Equivalence

Non-Inferiority

Superiority
Agreement(Cohen's Kappa)

1 or 2 Sided Test
1-Sided ("greater")
2-Sided

Reference Value (po):

0.3

Response Rate of the Test Drug (p)

0.5

Type | Error (a)

0.05

Power (1-B)

0.8

18.1.2.2 Input and Output

e Input:

. 0 (0 > 0): equivalence margin

. po: areference value

1
2
3. p: true response rate of the test drug
4. «: type I error rate

5

. B: type Il error rate (Power: 1 — 3)

e Output: sample size n

18.1.2.3 An Example (Single-arm Equivalence Test)

Assume that one brand name drug for a certain disease on the market has a responder rate of 60%
(i.e., po = 0.60). It is believed that a 20% difference in responder rate is of no clinical significance

(i.e., 6 = 0.2). Hence, the investigator wants to show the study drug is equivalent to the market drug
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in terms of responder rate. At o = 0.05, assuming that the true response rate is 60% (i.e., p = 0.60),

the sample size required for achieving an 80% power can be obtained by the following steps,
e Select SAMPLE SIZE: Binary Outcome.
e Select Number of Groups: One and Test Objective: Equivalence.
e Input d, pg, p,x and 1 — 3.
e Click Submit.
Then the computed sample size is 52 using Z-test in this situation, shown in Figure 18.2.

Figure 18.2: An Example (Single-arm Equivalence Test)

Equivalence Test for One-Sample Mean
Number of Groups

One

Two (independent) Z-test

Two (paired:McNemar's test)

At the significance level of 0.05, with an equivalence limit of 0.2, a sample size of 52 is needed to achieve
Test Objective 80% power when the mean response for the historical control is 0.6 and that for the treatment is 0.6.

Equality

Equivalence

Non-Inferiority

Superiority
Agreement(Cohen's Kappa)

Equivalence Limit (56>0)

0.2

Reference Value (po):

0.6

Response Rate of the Test Drug (p)

0.6

Type | Error (a)

0.05

Power (1-B)

0.8

18.1.3 Test Objective: Non-Inferiority/Superiority
18.1.3.1 Methods

e Hypothesis: The problem of testing non-inferiority and superiority can be translated into the

following hypotheses,
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18.1.3. Test Objective: Non-Inferiority/Superiority

(Noninferiority)
Hy:e< -0 wversus Hy:e>—§

(Superiority)
Hy:e<d wersus Hi:e>0

where § (6 > 0) is the superiority or non-inferiority margin.

e Formula: Using the value of p to compute the standard deviation in z-test statistic, we can
get sample size n from,

(Noninferiority)
_ (2a+23)°p(1 = p)
B (e+0)? '

(Superiority)
_ (20 +25)’p(1 —p)
—07

18.1.3.2 Input and Output
e Input:

1. 6 (6 > 0): non-inferiority or superiority margin
2. pg: areference value

3. p: true response rate of the test drug

4. «: type I error rate

5. B: type Il error rate (Power: 1 — 3)

e Output: sample size n

18.1.3.3 An Example (Single-arm Non-Inferiority Test)

For a certain disease, we wish to show that the majority of patients whose change after treatment
by a test drug is at least as good as the reference value (30%) (py = 0.3). Also assume that a
difference of 10% in responder rate is considered of no clinical significance (0 = 0.1). Assume the
true response rate is 50% (p = 0.5). At a = 0.05, the required sample size for having an 80%
power (i.e., 1 — 8 = 0.8) can be obtained by the following steps,

e Select SAMPLE SIZE: Binary Outcome.
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o Select Number of Groups: One and Test Objective: Non-Inferiority.
e Input d, pg,p,xand 1 — 3.
e Click Submit.
Then the computed sample size is 18 using Z-test in this situation, shown in Figure 18.3.

Figure 18.3: An Example (Single-arm Non-Inferiority Test)

Non-inferiority Test for One-Sample Mean
Number of Groups

One

Two (independent) Z-test

Two (paired:McNemar's test)
At the significance level of 0.05, with a non-inferiority margin of 0.1, a sample size of 18 is needed to achieve
Test Objective 80% power when the mean response for the historical control is 0.3 and that for the treatment is 0.5.

Equality

Equivalence

Non-Inferiority

Superiority
Agreement(Cohen's Kappa)

Non-inferiority Margin (5>0)
0.1

Reference Value (po):

0.3

Response Rate of the Test Drug (p)

0.5

Type | Error (a)

0.05

Power (1-B)

0.8

18.1.4 Cohen’s Kappa

In some clinical trials, to check inter-rater reliability, independent sets of measurements are taken
by more than one rater and the responses are checked for agreement. For a binary response, Cohens
Kappa test can be used to check inter-rater reliability. Conventionally, the kappa coefficient is used
to express the degree of agreement between two raters when the same two raters rate each of a
sample of n subjects independently. A simple example is given in the Table 18.2, where p;; denotes
the true proportion of the corresponding evaluations by Rater 1 and Rater 2 (e.g., p1o denotes that

Rater 1 thinks it’s positive but Rater 2 thinks it’s negative), p;. = p;1 + pio and p.; = p1; + po;.
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18.1.4. Cohen’s Kappa

Table 18.2: Proportional Distribution by Two Rater

Rater 2
positive negative
positive  pi1 pio  Pp1-
Rater 1 )
negative  poi P00 Po-
b1 b-o

Kappa coefficient « takes the form,
Do — Pe
1- DPe
where p, (o = p11 + Poo) is the proportion of rater pairs exhibiting agreement and p. (pe =

p1.-p-1 + Po-p-o) is the proportion expected to exhibit agreement by chance alone. Thus perfect
agreement” would be indicated by x = 1, and no agreement (other than that expected by chance)

means that x = 0.

18.1.4.1 Methods
e Hypothesis: The hypotheses of interest are
(Two — sided)
Ho:k=ky wversus Hi:rk#k
(One — sided)
Hy:xk=ky versus Hi:rk >k

e Formula: We can get sample size n from,
(Two — sided)

. [Za/zx/@Jr 25\/@]2
k1 — ko
(One — sided)
ERY TR
k1 — ko

where (g (Q1) can be caculated by using kg (k1) with

Qo(Q1) = 1 - pe { me (p i + Di- )(1 - po)]2+

(1=po)2 > pij(pi +pj.)* = (Pope — 2pe +po)2}
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Note that all of the values needed are uniquely determined by p; ., p.1, kg and k;. Specifically,

18.1.4.2 Input and Output

e Input:

po.- =1—p1.

po=1-—p1
Pe = P1-P-1 + Po-P-0

kO(l _pe> + Pe for QO
kl(l _pe) +pe  for Q1

Po =

P00 = (Po — p1- +Dp.0)/2

P11 = Po — P00
P10 = P1- — P11
Po1 = P-1 — P11

. p1.: proportion that Rater 1 gives positive evaluation

. p.1: proportion that Rater 2 gives positive evaluation

. ko: reference value of Kappa coefficient

. a: type I error rate

1
2
3
4. ky: expected value of Kappa coefficient
5
6

. B: type Il error rate (Power: 1 — 3)

e Output: sample size n

18.1.4.3 An Example (Single-arm Cohen’s Kappa Test)

As an example, suppose two evaluation methods are asked to rate a group of cancer patients and to

decide whether or not the status of each exhibits positive. We expect each method to identify 20% of

patients to be positive (p;. = p.1 = 0.20). Let x denote the level of agreement. The null hypothesis

is Hy : kK = 0.6, but we expect Kappa coefficient is 0.9. At a = 0.05, the required sample size for

having an 80% power (i.e., 1 — 8 = 0.8) can be obtained by the following steps,

e Select SAMPLE SIZE: Binary Outcome.
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18.2. Two arms (independent)
18.2.0. Cohen’s Kappa

e Select Number of Groups: One, Test Objective: Agreement(Cohen’s Kappa) and 1 or 2
Sided Test: 2-Sided.

e Input py.,p.1,k0 =0.6,k1 =0.9,xand 1 — 3.
e Click Submit.

Then the computed sample size is 67 in this situation, shown in Figure 18.4.

Figure 18.4: An Example (Single-arm Cohen’s Kappa Test)

Superiority Test for One-Sample Mean

Number of Groups
One

Two (independent)

Cohen's Kappa
Two (paired:McNemar's test) R
In a two-sided test for agreement using Kappa's Coefficient, at the significance level of 0.05, a sample size of 67 is needed
Test Objective to achieve 80% power when the probability that Rater 1 will give positive evaluation is 0.2 and the probability that Rater 2 will

Equality give positive evaluation is 0.2.

Equivalence

Non-Inferiority

Superiority
Agreement(Cohen's Kappa)

1 or 2 Sided Test
1-Sided ("greater")
2-Sided

Proportion that Rater 1 Gives Positive Evaluation (p4.)

0.2

Proportion that Rater 2 Gives Positive Evaluation (p.1)

0.2 s

Value of Kappa Coefficient under the Null Hypothesis
(ko)

0.6

Value of Kappa Coefficient under the Alterbative
Hypothesis (k4)

0.9

Type | Error (a)

0.05

Power (1-B)

0.8

18.2 Two arms (independent)

Let ;; be a binary response from the jth subject in the ith treatment group, j = 1,--- ,n;,7 =1, 2.

For a fixed 4, it is assumed that z;;’s are 1.i.d. with P(:z:ij = 1) = p;. In practice, p; is usually
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estimated by the observed proportion in the ith treatment group,

1 &
pi = 2 i
7j=1

Let ¢ = p; — p. be the difference between the true mean response rates of a test drug (p;) and a
control (p.). It is of interest to test for equality (i.e., ps = p.), non-inferiority (i.e., ps — p. is greater
than or equal to a pre-determined non-inferiority margin), superiority (i.e., p; — p. is greater than a
pre-determined superiority margin), and equivalence (i.e., the absolute difference between p; and p.
is within a difference of clinical importance). The following are details of sample size calculation

with two arms.

18.2.1 Test Objective: Equality
18.2.1.1 Methods

o Hypothesis: To test whether there is a difference between the mean response rates of the test
drug and the reference drug, the following hypotheses are usually considered,
(Two — sided)
Hy:e=0 wersus Hi:e#0
(One — sided)

Hy:e<0 wersus Hj:e>0

e Formula: We can get sample sizes n; and n. from
(Two — sided)

(Zay2 +28)% pe(1—pr)
€2 [ k

Ne =

+ pc(l - pc)]

(One — sided)

(za + 28)? [pt(l — D)
€2 k

Ne = + pe(1 = pe)]

and n; = kn,

18.2.1.2 Input and Output

e Input:

1. pc: true response rate of control treatment

2. py: true response rate of the test drug
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18.2.2. Test Objective: Equivalence

3. k (k = ny/n.): subject ratio of test control versus treatment
4. «: type I error rate

5. pB: type Il error rate (Power: 1 — 3)

e Output: sample sizes n; and n.

18.2.1.3 An Example (Two-arms (independent) Equality Two-sided Test)

In this example, suppose that a difference of ¢ = 20% in clinical response of cure is considered of
clinically meaningful difference between the two agents for a certain disease. Assuming that the
true cure rate for control treatment and the test drug are 65% (p. = 0.65 and p; = p. + € = 0.85),
respectively, at « = 0.05, the sample sizes for having an 80% power (i.e., 1 — 8 =0.8) withk =1

(equal allocation) can be determined by the following steps,
e Select SAMPLE SIZE: Binary Outcome.

o Select Number of Groups: Two, Test Objective: Equality and 1 or 2 Sided Test: 2-Sided.
e Input p¢, pt, k,xand 1 — G.

e Click Submit.

Then the computed sample sizes in this situation are shown in Figure 18.5.

18.2.2 Test Objective: Equivalence

18.2.2.1 Methods

o Hypothesis: To establish equivalence, the following hypothesis is usually considered,
Hy:le| >0 wersus Hj:le|<§

e Formula: We can get sample sizes n; and n. from

(2a + 25/2)2 [pt(l —Dt)

(1 —pe = c:
02 ’ +p.(1—p;)] and ny=kn

Ne =
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Figure 18.5: An Example (Two-arms (independent) Equality Two-sided Test)

Two-Sample Two-Sided Test for Equal Means
Number of Groups

One

Two (independent) Z-test

Two (paired:McNemar's test)
In a two-sided z test for two-sample mean, at the significance level of 0.05, 70 subjects for the treatment group and 70

Test Objective subjects for the control group are needed to achieve 80% when the response rate for control is 0.65 and the response rate

Equality for the test drug is 0.85.

Equivalence
Non-Inferiority

Superiority

1 or 2 Sided Test
1-Sided ("greater")
2-Sided

Response Rate of Control Treatment (pc)

0.65

Response Rate of the Test Drug (py)

0.85

Subject Allocation Ratio (k = ny/ ng)

1

Type | Error (a)

0.05

Power (1-B)

0.8

23 -

18.2.2.2 Input and Output

e Input:

. 0 (0 > 0): equivalence margin
. Pe: true response rate of control treatment

. pg: true response rate of the test drug

1
2
3
4. k (k = ny/n.): subject ratio of test control versus treatment
5. «a: type I error rate

6

. B: type Il error rate (Power: 1 — )

e Output: n; and n.

18.2.2.3 An Example (Two-arms (independent) Equivalence Test)

For establishment of equivalence, suppose the true cure rate for the two agents are 75% (p. = 0.75)
and 80% (p; = 0.80) and the equivalence limit is 20% (i.e., § = 0.20). At o = 0.05, the sample

sizes for having an 80% power (i.e., 1 — 8 = 0.8) with kK = 1 (equal allocation) can be determined
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18.2. Two arms (independent)
18.2.3. Test Objective: Non-Inferiority/Superiority

by the following steps,

e Select SAMPLE SIZE: Binary Outcome.
e Select Number of Groups: Two and Test Objective: Equivalence.
e Input 8, pc, pt, k,xand 1 — 3.

e Click Submit.

Then the computed sample sizes in this situation are shown in Figure 18.6.

Figure 18.6: An Example (Two-arms (independent) Equivalence Test)

Two-Sample Equivalence Test
Number of Groups

One

Two (independent) Z-test

Two (paired:McNemar's test)
At the significance level of 0.05, with an equivalence limit of 0.2, 133 subjects for the treatment group and 133 subjects for

Test Objective the control group are needed to achieve 80% power when the response rate for control is 0.75 and the response rate for the

Equality test drug is 0.8.

Equivalence
Non-Inferiority

Superiority
Equivalence Limit (6>0)

0.2

Response Rate of Control Treatment (pc)

0.75

Response Rate of the Test Drug (py)

0.8

Subject Allocation Ratio (k = n;/ ng)

1

Type | Error (a)

0.05

Power (1-B)

0.8

18.2.3 Test Objective: Non-Inferiority/Superiority
18.2.3.1 Methods

o Hypothesis: The problem of testing non-inferiority and superiority can be translated into the
following hypotheses,
(Noninferiority)

Hy:e< -0 wversus Hy:e>—§
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(Superiority)
Hy:e<9 wersus Hy:e> 6

where § (6 > 0) is the superiority or non-inferiority margin.

e Formula: We can get sample sizes n; and n. from

(Noninferiority)
a > pe(1 =
n Gt )
(Superiority)
2
o — (2a + 28) [Pt(l —pt) + pe(1 = po)]

(e —9)2 k

18.2.3.2 Input and Output
e Input:

1. 6 (6 > 0): non-inferiority or superiority margin
2. pg: areference value

3. p: true response rate of the test drug

4. «: type I error rate

5. fB: type Il error rate (Power: 1 — 3)

e QOutput: sample sizes n; and n.

18.2.3.3 An Example (Two-arms (independent) Non-Inferiority Test)

Now, suppose it is of interest to establish non-inferiority of the test drug as compared to the active
control agent. Similarly, we consider the difference less than 10% is of no clinical importance. Thus,
the non-inferiority margin is chosen to be 10% (i.e., § = 0.10). Also, suppose the true mean cure
rates of the treatment agents and the active control are 85% and 65% (i.e., p = 0.85 and p. = 0.65),
respectively. Then, at & = 0.05, the sample size for having an 80% power (i.e., 1 — 8 = 0.8) with

k =1 (equal allocation) can be determined by the following steps,
e Select SAMPLE SIZE: Binary Outcome.
e Select Number of Groups: One and Test Objective: Non-Inferiority.

e Input §, pc, pt, k,xand 1 — 3.
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18.3.0. Test Objective: Non-Inferiority/Superiority

e Click Submit.
Then the computed sample sizes in this situation are shown in Figure 18.7.
Figure 18.7: An Example (Two-arms (independent) Non-Inferiority Test)

Two-Sample Non-inferiority Test
Number of Groups

One
Z-test

Two (independent)

Two (paired:McNemar's test)
At the significance level of 0.05, with an non-inferiority margin of 0.1, 25 subjects for the treatment group and 25 subjects for

Test Objective the control group are needed to achieve 80% power when the response rate for control is 0.65 and the response rate for the

Equality test drug is 0.85.

Equivalence
Non-Inferiority

Superiority
Non-inferiority Margin (5>0)
0.1

Response Rate of Control Treatment (p,)

0.65

Response Rate of the Test Drug (py)

0.85

Subject Allocation Ratio (k = ny/ nc)

1

Type | Error (a)

0.05

Power (1-B)

0.8

18.3 Two arms (paired): McNemar’s Test

For a given laboratory test, test results are usually summarized as either normal or abnormal. Let x;;
denote the binary response from the ¢th (: = 1,2,...,n) subject in the jth treatment where j = 1
denotes pre-treatment and j = 2 post-treatment, and x;; = 1 denotes that the response is normal

and z;; = 0 abnormal. The test results can be summarized in Table 18.3, where n;;,7,j = 1,0 are
Table 18.3: Test Results of Two Arms Paired

Post-treatment

normal abnormal

normal n11 nio
Pre-treatment
abnormal 101 100
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defined by as follows,
n
nip = Z Ti1T42
i=1
n
nio =y zi(l - zip)
i=1
n
no1 = Z(l — Ti1)Ti2
i=1
n
noo = (1= zin)(1 — i2)
i=1
Define,

P11 = nll/n
P1o = nio/n

Po1 = no1/n

Poo = Moo/ N
P1- = P11 + P1o
P-1 = P11 + Po1

18.3.1 Methods

e Hypothesis: It is of interest to test whether there is a categorical shift after treatment. A
categorical shift is defined as either a shift from O (abnormal) in pre-treatment to 1 (normal)
in post-treatment or a shift from 1 (normal) in pre-treatment to O (abnormal) in post-treatment.
Thus, the hypothesis of interest is
(Two — sided)

Hy:pi.=p1 wversus Hip:pi.#pa
(One — sided)

Hy:pi.=p.q wersus Hi:pi.>pa
which is equivalent to
(Two — sided)

Hy :pio =po1 wversus Hi:pio # po1
(One — sided)

Hy : p1o = por wversus Hi:pio > po1
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18.3. Two arms (paired): McNemar’s Test
18.3.3. An Example (Two-arms (paired) McNemar’s Test)

e Formula: We can get sample size n from
(Two — sided)

_ [Zaj2v/Pro F po1 + 28y/P10 + por — (P10 — por)?)?
(P10 — po1)?

(One — sided)

_ [2av/P10 + P01 + ZB\/Plo + po1 — (p1o — po1)?)?

B (plo - p01)2

18.3.2 Input and Output
e Input:

1. pi1o: probability of shifting from normal to abnormal
2. po1: probability of shifting from abnormal to normal
3. «a: type I error rate

4. B: type Il error rate (Power: 1 — 3)

e Output: sample size n

18.3.3 An Example (Two-arms (paired) McNemar’s Test)

Consider a study, it is expected that about 50% (p10 = 0.50) of patients will shift from 1 (abnormal
pre-treatment) to O (normal post-treatment) and 20% (pg; = 0.20) of patients will shift from 0
(normal pre-treatment) to 1 (abnormal post-treatment).

The investigator would like to select a sample size such that there is an 80% (1 — 5 = 0.80)
power for detecting such a difference if it truly exists at the 5% (o = 0.05) level of significance.

The required sample size can be obtained as follows:
e Select SAMPLE SIZE: Binary Outcome.
o Select Number of Groups: One and Test Objective: Non-Inferiority.
e Input d, pc, pt, k,xand 1 — 3.
e Click Submit.

Then the computed sample size in this situation is shown in Figure 18.8.
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Figure 18.8: An Example (Two-arms (paired) McNemar’s Test)

Two-Sample(Paired) McNemar's test

Number of Groups
One .
Two (independent) McNemar's test

Two (paired:McNemar's test)
At the significance level of 0.05, in a two-sided McNemar's test for paired two-arm propotion, 59 subjects are needed to

1 or 2 Sided Test achieve 80% power when the probabiltiy of shifting from normal to abnormal is 0.2 and the probability of shifting from
1-Sided ("greater") abnormal to normal is 0.5.
2-Sided

probability of shifting from normal to abnormal (p1o)

0.2

probability of shifting from abnormal to normal (po1)

0.5

Type | Error (a)

0.05

Power (1-B)

0.8
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19. Sample Size Calculation for Contin-

uous Outcome

In this module, we implement the sample size calculation for continuous endpoint, which include

the following functions shown in Table 19.1.

Table 19.1: Function implementation in sample size calculation for binary endpoint.

One- or/and Two-sided

Contents

Section

Number of Arms Test Objectives
One Equality
Equivalence

Non-inferiority
Superiority

Correlation

One-sided & Two-sided

One-sided & Two-sided

Z-test & T-test
Z-test & T-test
Z-test & T-test
Z-test & T-test
Z-test & T-test

Section 19.1.1
Section 19.1.3
Section 19.1.2
Section 19.1.2
Section 19.1.4

Two (independent) Equality
Equivalence

Non-inferiority

One-sided & Two-sided

Z-test & T-test
Z-test & T-test
Z-test & T-test

Section 19.2.1
Section 19.2.2
Section 19.2.3

Superiority - Z-test & T-test  Section 19.2.3
Two (paired) Paired One-sided & Two-sided T-test Section 19.3
Multipe ANOVA - F-test Section 19.4

19.1 Single arm

To compare a new drug to a placebo control, one single-sample study will be conducted. This single

sample will consist of observations from a single treatment using the new drug when the mean is
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to be compared to a specified constant, the reference response. Let € = p; — . be the difference
between the expected mean response (u;) of the new drug and a reference response value (u.) from

the control. The main reference for this section is Chow et al. (2017).

19.1.1 Test Objective: Equality

19.1.1.1 Methods

To test whether there is a difference between the mean response of the test drug and the reference

value, the following hypotheses and calculation formulas are usually considered,
e Hypothesis:
— (Two — sided)if there is a difference between 1i; and g,
Hy:e=0 wversus Hi:e#0
— (One — sided)if there is a positive difference between y; and p, that is iy > pe,

Hyp:e<0 wersus Hyp:e>0

e Formula:

— for T-test, we search for sample size n that satisfies the following conditions,
(Two — sided)

Vne? Vne?
Ty {ta/2,n1| —Tho1{ ~tajopi|— ¢ =8

g g

(One — sided)

Vne2
Th-1 {toam,—l’ o = /8

— for Z-test, we can get sample size n from,
(Two — sided)
B (Zay2 + 25)202

€2

(One — sided)
(2a + 25)%0?
2
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19.1. Single arm
19.1.2. Test Objective: Non-Inferiority/Superiority

19.1.1.2 Input and Output

e Input:

1. €: difference between the true mean response of a test drug (u;) and a reference value

(ke)

2. «a: type I error rate
3. B: type Il error rate (Power: 1 — 3)
4. o standard deviation (we assume standard deviation is known when z-test and unknown

when t-test) and 62 = L S (z; — 7)?

o Qutput: sample size n

19.1.1.3 An Example (Single-arm Equality Two-sided Test)

Consider an example concerning a study of osteoporosis (or decreased bone mass). Usually, the
measure of bone density is SD.

Suppose that the mean bone density before the treatment is 1.5 SD (u. = 1.5 SD) and after
treatment is expected to be 2.0 SD (u; = 2 SD) with the standard deviation (o0 = 1). At o = 0.05,
the required sample size for having an 80% power (1 — 8 = 0.8) for correctly detecting a difference

of e = 0.5 SD change from pre-treatment to post-treatment can be obtained by the following steps,
e Select SAMPLE SIZE: Continuous Outcome.
e Select Number of Groups: One, Test Objective: Equality and 1 or 2 Sided Test: 2-Sided.
e Input puy, e, oy xand 1 — 3.
e Click Submit.

Then the computed sample sizes are 34 using T-test and 32 using Z-test in this situation, shown

in Figure 19.1.

19.1.2 Test Objective: Non-Inferiority/Superiority
19.1.2.1 Methods

The problem of testing non-inferiority and superiority can be explained by the following hypotheses,

e Hypothesis:
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Figure 19.1: An Example (Single-arm Equality Two-sided Test)

Two-Sided Equality Test for One-Sample Mean

Number of Groups

One

Two (ndependent) Sample size based on t-test: 34

Two (paired) . . . .
In a two-sided t test for one-sample mean, at the significance level of 0.05, a sample size of 34 is needed to achieve 80%
22 power when the mean response for the historical control is 1.5 and that for the treatment is 2.
Test Objective
Equality
Equivalence

) Sample size based on z-test: 32
Non-Inferiority

Superiorit;
& ¥ In a two-sided z test for one-sample mean, at the significance level of 0.05, a sample size of 32 is needed to achieve 80%

Correlation power when the mean response for the historical control is 1.5 and that for the treatment is 2.

1 or 2 Sided Test
1-Sided ("greater")
2-Sided

Mean for Historical Control (u.):

15

Mean for Treatment ()

2

Standard Deviation (o)

1

Type | Error (a)

0.05

Power (1-B)

0.8

- (Non —inferiority) if the new drug y; is not much worse than the placebo control

te. In other words, € = iy — i is not too small,
Hy:e< -6 wversus Hy:e> -6

- (Swuperiority) if the new drug i, is much better than the placebo control ji.. In other

words, € = u; — . is big enough,
Hy:e<9d wersus Hy:e>6
where 6 (§ > 0) is the non-inferiority or superiority margin.
e Formula:

— for T-test, we search for a n that satisfies

(Noninferiority)

=p

B {2 0)
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19.1. Single arm
19.1.2. Test Objective: Non-Inferiority/Superiority

S ORI

(Superiority)

g

— for Z-test, we can get sample size n from

(Noninferiority)
_ (2t 25)°07
T T er oy

(Superiority)
_ (Za + 25)%0?
o (e—0)

19.1.2.2 Input and Output

e Input:

1. §: superiority or non-inferiority margin

2. e: difference between the true mean response of a test drug (u;) and a reference value
(ftc)

3. «: type I error rate

4. B: type Il error rate (Power: 1 — 3)

5. o: standard deviation (we assume standard deviation is known when z-test and unknown

when t-test) and 62 = —L- S (z; — 7)?

e Output: sample size n

19.1.2.3 An Example (Single-arm Non-inferiority Test)

In the study of osteoporosis, we wish to show that the mean bone density post-treatment is no less
than pre-treatment by a clinically meaningful difference 6 = 0.5 SD. We know mean bone density
pre-treatment is 1.5 (4. = 1.5). Suppose the expected mean bone density post-treatment is 2.0
(ue = 2.0) with standard deviation of 1 (o = 1). At a = 0.025, the required sample size for having
an 80% power (1 — 8 = 0.8) can be obtained by the following steps,

e Select SAMPLE SIZE: Continuous Outcome.
o Select Number of Groups: One and Test Objective: Non-inferiority.

e Input d, pe, ptt, 0y xand 1 — 3.
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e Click Submit.

Then the computed sample sizes are 10 using T-test and 8 using Z-test in this situation, shown

in Figure 19.2.

Number of Groups
One
Two (independent)
Two (paired)
>2

Test Objective
Equality
Equivalence
Non-Inferiority
Superiority
Correlation

Figure 19.2: An Example (Single-arm Non-inferiority Test)

Non-inferiority Test for One-Sample Mean

Sample size based on t-test: 10

At the significance level of 0.025, with a non-inferiority margin of 0.5, a sample size of 10 is needed to

achieve 80% power when the mean response for the historical control is 1.5 and that for the treatment is 2.

Sample size based on z-test: 8

At the significance level of 0.025, with a non-inferiority margin of 0.5, a sample size of 8 is needed to

achieve 80% power when the mean response for the historical control is 1.5 and that for the treatment is 2.

Non-inferiority Margin (5>0)

0.5

Mean for Historical Control (u.):

1.5
Mean for Treatment ()
2

Standard Deviation (o)

1

Type | Error (a)

0.025

Power (1-B)

0.8

19.1.3 Test Objective: Equivalence

19.1.3.1 Methods

The objective is to test how close the treatment effect of the test drug is to a gold standard on average.

The following hypothesis will be considered,

Hy:le| >0 wersus Hy:le| <.

e For T-test, we search for sample size n that satisfies

B
2

I AT
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19.1. Single arm
19.1.4. Test Objective: Correlation

e For Z-test, we can get sample size n from,

- (za + Zﬁ)202
(0 e])?

19.1.3.2 Input and Output
e Input:

1. J: equivalence margin; § > 0

2. e: difference between the true mean response of a test drug (u;) and a reference value
(tte)

3. o: standard deviation (we assume standard deviation is known when z-test and unknown
when t-test) and 6% = L S =gy — )2

4. «: type I error rate

5. 1 — B: power (J is type Il error rate)

e Output: sample size n

19.1.3.3 An Example (Single-arm Equivalence Test)

Consider an example concerning the effect of a test drug on body weight change in terms of body
mass index (BMI) before and after the treatment.

Suppose clinicians consider that a less than 5% change in BMI from baseline (pre-treatment) to
endpoint (post-treatment) is not a safety concern for the indication of the disease under study. Thus,
we consider 6 = 0.05 as the equivalence margin. The objective is then to demonstrate safety by
testing equivalence in mean BMI between pre-treatment and post-treatment of the test drug. Assume
the true BMI before and after the treatment are both 0.2 (i, = p; = 0.2) and the difference of them
is 0 (e = 0) and the standard deviation is 10% (o = 0.1), with o = 0.05, the sample size required
for achieving an 80% power (1 — 3 = 0.8) can be obtained by the following steps,

e Select SAMPLE SIZE: Continuous Outcome.
e Select Number of Groups: One and Test Objective: Equivalence.
e Input 4, tte, ¢, 0, xand 1 — 3.

e Click Submit.

Then the computed sample sizes are 36 using T-test and 35 using Z-test in this situation, shown

in Figure 19.3.
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Figure 19.3: An Example (Single-arm Equivalence Test)

Equivalence Test for One-Sample Mean
Number of Groups

One

Two (independent) Sample size based on t-test: 36

Two (paired)
At the significance level of 0.05, with an equivalence limit of 0.05, a sample size of 36 is needed to achieve 80% power when
>2 the mean response for the historical control is 0.2 and that for the treatment is 0.2.
Test Objective
Equality
Equivalence

Sample size based on z-test: 36
Non-Inferiority

Superiorit,
P 4 At the significance level of 0.05, with an equivalence limit of 0.05, a sample size of 35 is needed to achieve 80% power when

Correlation the mean response for the historical control is 0.2 and that for the treatment is 0.2.

Equivalence Limit (5>0)

0.05

Mean for Historical Control (uc):

0.2 s

Mean for Treatment (py)

0.2

Standard Deviation (o)

0.1

Type | Error (a)

0.05

Power (1-B)

0.8

-

19.1.4 Test Objective: Correlation

This subsection introduces the single-arm correlation test. The correlation coefficient p is calculated
as
> Ty
pP= 5 5
V2at )y
indicating that the relationship of only two variables is being examined, e.g. the relationship of
patient’s age (X) and treatment effect of a certain drug (Y"). The main reference for this subsection

is Zar (2010).

19.1.4.1 Methods

To test whether there is a correlation between two variables, the following hypotheses and calcula-

tion formulas are usually considered,

e Hypothesis:
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19.1. Single arm
19.1.4. Test Objective: Correlation

- (Two — sided) if there is a correlation between the two variables,
Hy:p=0 wversus Hy:p=r
where r # 0.
— (One — sided) if there is a positive correlation between the two variables,
Hy:p=0 wversus Hy:p>r
where r > 0.

e Formula: We can use both t-test and z-test to calculate the sample size for the hypothesis.

Both tests use Fishers Transformation, denoted as C(r) = 0.5log(11L).

— For Z-test: Given a sample correlation r based on n observations that are from a popu-

lation with true correlation parameter p, C'(r) follows a normal distribution with mean

C(p) and variance 1/y/n — 3.
C(r) ~ N(C(p),1/vn =3)

Thus, under Hy, v/n —3C(r) ~ N(0,1) since C(p) = 0.5log(1) = 0. The sample
sizes required to achieve the power 1 — 3 and control type I error rate at « are as follows:

(Two — sided)

_ za/g—i-zg 9
n—(ic(r) )>*+3
(One — sided)
. Za + 289
n= oo ) +3

— For T-test: The t-test for significance of r is given by

t—T n—2
V1i—r2

If we find the critical ¢ value, denoted as t., above which we will reject Hy, then we can

get re.
t2
Y o ar— £
c+n—2
The sample size calculation involves the transformation proposed by Pearson and Hart-
ley (1996):
r
C,.=C
" (r)+ 2(n—1)’
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Cy, = C(re).

The sample size required can be obtained by solving the following equations iteratively.

(Two — sided)
1—8=o{(C, — C;.)Vn—3}+{(—C, — C;,.)Vn — 3}
(One — sided)
1-8=&{(C,—C)Vn—3}
19.1.4.2 Input and Output
e Input:

1. r: correlation coefficient under alternative hypothesis, or expected correlation coeffi-
cient
2. «a: type I error rate

3. fB: type Il error rate (Power: 1 — 3)

e QOutput: sample size n

19.1.4.3 An Example (Single-arm Correlation Test)

Consider a situation where we want to test whether the treatment effect of a certain new drug is
associated with the patient age. It’s hoped that the correlation coefficient between the treatment
effect of this new drug and the patient age is 0.3 (» = 0.3).And we want the design with type I error
rate of 0.05 (o = 0.05) and power of 90% (1 — 8 = 0.9). The sample sizes can be obtained by the

following steps,

e Select SAMPLE SIZE: Continuous Qutcome.

e Select Number of Groups: One, Test Objective: Correlation and 1 or 2 Sided Test: 2-
Sided.

e Inputr,x and 1 — 3.
e Click Submit.

This will calculate the sample sizes for this design and the output is shown in the right panel.
The computed sample sizes are 112 using T-test and 113 using Z-test in this situation, shown in

Figure 19.4.
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19.2. Two arms (independent)
19.2.1. Test Objective: Equality

Number of Groups
One
Two (independent)
Two (paired)
>2

Test Objective
Equality
Equivalence
Non-Inferiority
Superiority

Correlation

1 or 2 Sided Test
1-Sided ("greater")
2-Sided

Expected correlation Coefficient (p)

0.3

Type | Error (a)

0.05

Power (1-B)

0.9

control respectively.

19.2.1.1 Methods

e Hypothesis:

Figure 19.4: An Example (Single-arm Correlation Test)

Two-Sided Correlation Test for One-Sample Mean

Sample size based on t-test: 112

In a two-sided t test, at the significance level of 0.05, a sample size of 112 is needed to achieve 90% power when the
correlation coefficient under the alternative is 0.3.

Sample size based on z-test: 113

In a two-sided z test, at the significance level of 0.05, a sample size of 113 is needed to achieve 90% power when the
correlation coefficient under the alternative is 0.3.

19.2 Two arms (independent)

To compare a new drug to a standard treatment, one two-samples study will be conducted. These
two samples will consist of observations from the treatment using this new drug and this standard
treatment. Let € = p; — p. be the difference between the expected mean response of this new drug
(1) and this standard treatment (u.). In practice, it may be desirable to have an unequal treatment

allocation, i.e., n./n; = k for some k, where n; and n. denote sample sizes for treatment and

Note that £ = 1/2 indicates a 2 to 1 test-control allocation, whereas k = 2

indicates a 1 to 2 test-control allocation.

19.2.1 Test Objective: Equality

To test whether there is a difference between the mean response of the test drug and the reference

value, the following hypotheses and calculation formulas are usually considered,
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- (Two — sided) if there is a difference between i, and i,
Hy:e=0 wersus Hj:e#0

— (One — sided) if there is a positive difference between i, and p, that is gy > pie, or
€>0,
Hy:e<0 wersus Hij:e>0

e Formula:

— for T-test, we search for n; that satisfies
(Two — sided)

Vnge2 Vnee2 }:ﬂ

T n—2 31 ny—9| ——= T 9% —t | ——
(A+k)ne 2{ a/2,(1+k)ny Q‘Um} (1+k)n, 2{ a/2,(1+k)n, Q‘Um

(One — sided)

V nt62 } _ /8

T14kyne—2 {ta,(1+k)nt—2‘o_1_+_1/k
and n. = kny.

— for Z-test, we can get sample sizes n; and n. from,
(Two — sided)

(Za/g + 25)20'2(1 + 1/16)

ny = 3

€
(One — sided)

(20 + 25)%0%(1 + 1/k)
2

ny =
€

and n. = kng.

19.2.1.2 Input and Output

e Input:

1. € = uy — pe: the expected mean difference between a test drug (1) and a standard
treatment (Ltc)

2. k = n¢/ny: treatment allocation ratio

3. «a: type I error rate

4. (3: type Il error rate (Power: 1 — f3)
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19.2. Two arms (independent)
19.2.2. Test Objective: Equivalence

5. o: variance. Assume that variance is known when z-test and unknown t-test, we often
use the pooled variance to estimate it.

2 n,

1
O 3 2 e )

i=1 j=1

e Output:
1. n;: sample size of treatment group
2. n.: sample size of control group
19.2.1.3 An Example (Two-arms (Independent) Equality Two-sided Test)

Consider a pharmaceutical company that is interested in conducting a clinical trial to compare two
cholesterol lowering agents through a parallel design. The primary efficacy parameter is the low
density lipoprotein (LDL), because most of the cholesterol is bound to LDLs. In what follows, we
will consider the situation where the intended trial is for testing equality of mean responses in LDL.

In this example, suppose a difference of 5% (e = p¢ — e = 0.05) in percent change of LDL
is considered of clinically meaningful difference. Assuming that the standard deviation is 10%
(0 = 10%), with a = 0.05, the sample sizes required for achieving an 80% power (1 — 8 = 0.8)
can be obtained by the following steps,

e Select SAMPLE SIZE: Continuous Qutcome.

o Select Number of Groups: Two (independent), Test Objective: Equality and 1 or 2 Sided
Test: 2-Sided.

e Inpute = py — e, 0, k,axand 1 — 3.
e Click Submit.

Then the computed sample sizes in this situation are shown in Figure 19.5.

19.2.2 Test Objective: Equivalence

19.2.2.1 Methods

The objective is to test how close the treatment effect of the test drug and the standard treatment are.

The following hypothesis will be considered,

Hy:le| >0 wversus Hj:|e|<§

493



Cytel

Module 19. Sample Size Calculation for Continuous Outcome

Figure 19.5: An Example (Two-arms (Independent) Equality Two-sided Test)

Two-Sample Two-Sided Test for Equal Means
Number of Groups

One

Two (independent) Sample sizes based on t-test: 64, 64

Two (paired) .
In a two-sided t test for two-sample mean, at the significance level of 0.05, 64 subjects for the treatment group and 64
i subjects for the control group are needed to achieve 80% power to detect the mean difference of 0.05 between treatment
Test Objective and control groups, assuming a standard deviation of 0.1.
Equality
Equivalence

ROt iSOty Sample sizes based on z-test: 63, 63

Superiority

1 or 2 Sided Test In a two-sided z test for two-sample mean, at the significance level of 0.05, 63 subjects for the treatment group and 63
subjects for the control group are needed to achieve 80% power to detect the mean difference of 0.05 between treatment

1-Sided ("greater”
(o ) and control groups, assuming a standard deviation of 0.1.

2-Sided
Difference in Mean (p; - )

0.05

Standard Deviation (o)

0.1

Subject Allocation Ratio (k = n;/ n,)

1

Type | Error (a)

0.05

Power (1-B)

0.8

...

e For T-test, we search for n; that satisfies

T4k)ne—2 3 ta,(14k)ne— 2‘ =

W5—|€|) B
Tk 2

e For Z-test, we can get sample sizes n; and n. from

(za + 25/2)202(1 + 1/k)
(0 — le])?

ng = and n. = kny

19.2.2.2 Input and Output

e Input:

1. §: equivalence margin
2. € = py — pe: the true mean difference between a test drug (1) and a standard treatment

(ee)

3. k = n./n,: treatment allocation ratio
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19.2. Two arms (independent)
19.2.3. Test Objective: Non-Inferiority/Superiority

4. ¢: variance (we assume variance is known when z-test and unknown t-test)
5. «a: type I error rate

6. 3: type Il error rate (Power: 1 — 3)
e Output:

1. n;: sample size of treatment group

2. n.: sample size of control group

19.2.2.3 An Example (Two-arms (Independent) Equivalence Test)

Consider a pharmaceutical company that is interested in conducting a clinical trial to compare two
cholesterol lowering agents through a parallel design. The primary efficacy parameter is the low
density lipoprotein (LDL), because most of the cholesterol is bound to LDLs. In what follows, we
will consider the situation where the intended trial is testing for therapeutic equivalence.

For establishment of equivalence, suppose the true mean difference is 1% (¢ = 0.01) and the
equivalence limit is 5% (0 = 0.05). Assuming that the standard deviation is 10% (o = 10%), with
a = 0.05, the sample sizes required for achieving an 90% power (1 — 3 = 0.9) can be obtained by
the following steps,

e Select SAMPLE SIZE: Continuous Outcome.

e Select Number of Groups: Two (independent) and Test Objective: Equivalence.
e Inputd,e = py — e, 0, k,axand 1 — .

e Click Submit.

Then the computed sample sizes in this situation are shown in Figure 19.6.

19.2.3 Test Objective: Non-Inferiority/Superiority

19.2.3.1 Methods

The problem of testing non-inferiority and superiority can be explained by the following hypotheses,
e Hypothesis:

- (Non — inferiority) The objective is to confirm that the new drug z; is not much

worse than the standard treatment p.. In other words, € = p; — pi. is not too small,

Hy:e< -0 wversus Hy:e>—§
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Figure 19.6: An Example (Two-arms (Independent) Equivalence Test)

Two-Sample Equivalence Test
Number of Groups

One

Two (independent)

Sample sizes based on t-test: 108, 108

e At the significance level of 0.05, with an equivalence limit of 0.05, 108 subjects for the treatment group and 108 subjects for

= the control group are needed to achieve 90% power to detect the mean difference of 0.01 between treatment and control
Test Objective groups, assuming a standard deviation of 0.1.

Equality

Equivalence

Non-Inferiority

Sample sizes based on z-test: 108, 108

Superiority
Equivalence Limit (550) At the significance level of 0.05, with an equivalence limit of 0.05, 108 subjects for the treatment group and 108 subjects for
the control group are needed to achieve 90% power to detect the mean difference of 0.01 between treatment and control
0.05 groups, assuming a standard deviation of 0.1.

Difference in Mean (p; - pc)

0.01

Standard Deviation (o)

0.1

Subject Allocation Ratio (k = n;/ n¢)

1

Type | Error (a)

0.05

Power (1-B)

0.9

— (Superiority) The objective is to confirm that the new drug s is much better than

the standard treatment pi.. In other words, € = py — pi. is big enough,
Hy:e<9d wersus Hy:e>96
where § (6 > 0) is the superiority or non-inferiority margin.
e Formula:

— For T-test, we search for n; that satisfies

(Non — inferiority)

T(1+k) 94 o (144) 2}@ =5
B e SV IR )

(Superiority)

Ta+k ta,(14k \7\/@(6 SR g
(1+k)ne—2 \ Ya,(14+k)ng—2 o /1t 1/k

and n. = kn;.
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19.2. Two arms (independent)
19.2.3. Test Objective: Non-Inferiority/Superiority

— For Z-test, we can get sample sizes n; and n. from
(Non — inferiority)

(20 + 25)%02(1 + 1/k)
(c 1)

ny =

(Superiority)
_ (2at+25)%0?(1+ 1/k)
YT o

and n. = kny.

19.2.3.2 Input and Output
e Input:

1. §: superiority or non-inferiority margin

2. € = uy — pe: the true mean difference between a test drug (1) and a standard treatment
(ftc)

3. k = n./ny: treatment allocation ratio

4. ¢ variance (we assume variance is known when z-test and unknown t-test)

5. «: type I error rate

6. 3: type Il error rate (Power: 1 — 3)
e Output:

1. n;: sample size of treatment group

2. n.: sample size of control group

19.2.3.3 An Example (Two-arms (Independent) Non-inferiority Test)

Suppose that the pharmaceutical company is interested in establishing non-inferiority of the test
drugas compared to the active control agent. Similarly, we assume that the non-inferiority margin
is chosen to be 5% (§ = 0.05). Also, suppose the true difference in mean LDL between treatment
groups is 0% (¢ = p; — o = 0). Assuming that the standard deviation is 10% (o = 10%), with
a = 0.05, the sample sizes required for achieving an 80% power (1 — 8 = 0.8) can be obtained by
the following steps,

e Select SAMPLE SIZE: Continuous Outcome.

e Select Number of Groups: Two (independent) and Test Objective: Non-inferiority.
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e Inputd,e = puy — pte 0, k,axand 1 — 3.
e Click Submit.
Then the computed sample sizes in this situation are shown in Figure 19.7.
Figure 19.7: An Example (Two-arms (Independent) Non-inferiority Test)

Two-Sample Non-inferiority Test
Number of Groups
One .
Two (independent) Sample sizes based on t-test: 51, 51
Two (paired)

2 At the significance level of 0.05, with a non-inferiority margin of 0.05, 51 subjects for the treatment group and 51 subjects for
>

the control group are needed to achieve 80% power when the difference between mean responses for the treatment group
Test Objective and control group is 0, assuming a standard deviation of 0.1.
Equality
Equivalence

e i iy Sample sizes based on z-test: 50, 50

Superiority
Non-inferiority Margin (5>0) At the significance level of 0.05, with a non-inferiority margin of 0.05, 50 subjects for the treatment group and 50 subjects for
the control group are needed to achieve 80% power when the difference between mean responses for the treatment group
0.05 and control group is 0, assuming a standard deviation of 0.1.

Difference in Mean (p; - p¢)

0

Standard Deviation (o)

0.1

Subject Allocation Ratio (k = ny/ n¢)

1

Type | Error (a)

0.05

Power (1-B)

0.8

23 -

19.3 Two arms (paired)

19.3.1 Methods

Let ¢4 = @1 — uo be the difference between the true mean response of two paired groups (¢; and
we2). Without loss of generality, consider € > 0 (e < 0) an indication of improvement (worsening)

of the test drug as compared to the reference value.

e Hypothesis: The hypothesis of interest is
(Two — sided)
Hy:eq=0 wersus Hy:eq#0
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19.3. Two arms (paired)
19.3.3. An Example (Two-arms (paired) Equality Test)

(One — sided)
Hy:¢,<0 wersus Hj:eg>0

e Formula: Denote A; = ¢;4/0,4 be the effect size. And we use the T-test here to calculate n
that satisfies
(Two — sided)

To-1{tajzn-1|Vnda} — Tnoi {—tojon_1|Vnla} =8

(One — sided)
Th—1 {ta,n—ll\/ﬁAd} =p

19.3.2 Input and Output
e Input:

— if we “Enter the effect size directly”,

1. Ag: the effect size, could be calculated by Ay = (u1 — p2)/oq, where py and
L2 are mean response of two groups, and oy is the standard deviation of pre-post
difference

2. «: type I error rate

3. pB: type Il error rate (Power: 1 — 3)
— if ”Calculate the effect size” is needed,

. f41: mean response of group 1

. W2: mean response of group 2

1
2
3. o0g4: standard deviation of pre-post difference
4. «: type I error rate

5

. B: type Il error rate (Power: 1 — 3)

e Output: n

19.3.3 An Example (Two-arms (paired) Equality Test)

Consider a standard two-period paired design for the trial whose objective is to establish therapeutic
equality between a test drug and a standard therapy. The sponsor is interested in having an 80%
(1 — B = 0.80) power for establishing therapeutic equality. Based on the results from previous

studies, it is estimated that the variance is 20% (04 = 0.20). Suppose mean response of group 2
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Module 19. Sample Size Calculation for Continuous Outcome

is 1.3 and mean response of group 1 is 1.2. That is, the true mean difference is 10% (u2(test) —
pi(reference) = 0.10) and effect size A = 0.50. The sample sizes can be obtained by the

following steps,
e Select SAMPLE SIZE: Continuous Outcome.

e Select Number of Groups: Two (paired), 1 or 2 Sided Test: 2-Sided and Effect Size:

Enter effect size directly.
e Input Ag,xand 1 — 3.

e Click Submit.
or,

e Select Number of Groups: Two (paired), 1 or 2 Sided Test: 2-Sided and Effect Size:
Calculate effect size Ay = |1 — p2l|/oq.

e Input 1, pt2, 049, and 1 — (3.
e Click Submit.
Then the computed sample sizes in this situation are shown in Figure 19.8.

Figure 19.8: An Example (Two-arms (paired) Equality Test)

Two-Sided Paired Sample Test
Number of Groups
One )
Two (independent) Sample size: 34
Two (paired)

2 In a two-sided paired test, at the significance level of 0.05, 34 subjects are needed to achieve 80% power to detect the effect
>

size of 0.5.
1 or 2 Sided Test

1-Sided ("greater”)

2-Sided

Effect Size
Enter effect size directly

Calculate effect size Ag = |u1-H| / 0
Effect size (Ag)
0.5
Type | Error (a)

0.05

Power (1-B)

0.8

..
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19.4. Multiple arms
19.4.2. Input and Output

19.4 Multiple arms

19.4.1 Methods

Let x;; be the j-th subject from the ¢—th treatment group, ¢ = 1,...,m, j = 1,...,n. Consider

the following one-way analysis of variance (ANOVA) model:
Tij = Wi + €5,

where p; is the fixed effect of the ith treatment and ¢;; is a random error in observing x;;. It is

assumed that ¢;; are i.i.d. normal random variables with mean 0 and variance o?. Let

SSE =Y " (i — p)?

i=1 j=1

SSA=) (pi—m),
i=1

where
1 & 1 &
Miznz;xij and MZmZ;M
J= i=

Then o2 can be estimate by
2 SSE

m(n —1)
e Hypothesis: The hypothesis of interest is

Hy:pp=ps="--= pm versus Hy:pg#py (1<i<j<m).

e Formula: Under the null hypothesis Hy, Flq = % follows F-distribution. So Hy

is rejected at the o level of significance if

_ nSSA/(m—1)
= SSE/mn-1)] Fom—1,mn-1)

Fy

where F, ;,_1 m(n—1) is the a upper quantile of the F-distribution with m — 1 and m(n — 1)

degrees of freedom.

Under the alternative hypothesis H;, the power of this test is given by

P(FA > Fa,mfl,m(nfl))

Hence, the sample size needed to achieve power 1— 3 can be obtained by P(F4 > F, avm,l,m(n,l)) =

1- 8.
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19.4.2 Input and Output
e Input:

— If we “Enter Effect Size Directly”,

1. m: number of groups

2. f: effect size

o
r=2 %
where SSA/(m — 1) is approximately o2, and SSE/m(n — 1) is approximately
o2,
3. «: type I error rate
4. B: type Il error rate (Power: 1 — 3)
— If "Calculate Effect Size” is needed,

. m: number of groups

. w;: mean of group i (1 < i < m)

1
2
3. o: common standard deviation
4. «: type I error rate

5

. B: type II error rate (Power: 1 — 3)

e Output: n for per group

19.4.3 An Example (Multiple-arms One-Way ANOVA Test)

Suppose that we are interested in conducting a four-arm (m = 4) parallel group, double-blind, ran-
domized clinical trial to compare four treatments. The comparison will be made with a significance
level of @ = 0.05. Assume that the standard deviation within each group is ¢ = 3.5 and that the

true mean responses for the four treatment groups are given by,
p1 =825, w2 =975 p3=9.00 and pz=10.00.

Then, f = 0.391. The sample sizes required for achieving an 80% power (1 — 5 = 0.8) can be
obtained by the following steps,

e Select SAMPLE SIZE: Continuous Outcome.

e Select Number of Groups: > 2 and How to Determine Effect Size (f): Enter effect size
directly.
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19.4. Multiple arms
19.4.3. An Example (Multiple-arms One-Way ANOVA Test)

or,

e Inputm, f,axand 1 — 3.

e Click Submit.

e Select Number of Groups: > 2 and How to Determine Effect Size (f): Calculate effect
size f = o, /0.

e Inputm, p; (i =1,---,4),aand 1 — (3.

e Click Submit.
Then the computed sample sizes in this situation are shown in Figure 19.9.

Figure 19.9: An Example (Multiple-arms One-Way ANOVA Test)

One-Way ANOVA Test
Number of Groups

One

Two (independent) Sample size: 19

Two (paired)

2 In a one-way ANOVA test for a 4-group design, at the significance level of 0.05, 19 subjects per group are needed to achieve
>

80% power to detect the effect size of 0.391.
How to Determine Effect Size (f)
Enter effect size directly

Calculate effect size f = o, /0
Number of Groups (m)

4

Effect size (f)

0.391

Type | Error (a)

0.05

Power (1-B)

0.8
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20. Sample Size Calculation for Time-to-

Event Outcome

In this section, we implement the sample size calculation for time-to-event endpoint, which include

the following functions shown in Table 20.1.

Table 20.1: Function implementation in sample size calculation for binary endpoint.

Number of Arms Test Objectives One- or/and Two-sided  Contents Section
One Equality One-sided & Two-sided Section 20.1
Two Equality One-sided & Two-sided Logrank test Section 20.2

Before the text, there is three important symbols A, F’ and L for time-to-event endpoint intro-

duced as follows:

Accrual period Follow-up time
A) (H)
) A
Trial : : \‘ Trial
starts \ f ends
|
Maximum follow-up time
(L=A+F)
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20.1. Single arm
20.1.1. Methods

20.1 Single arm

In a study with a single arm, we assume for planning purposes that the survival times follow an
exponential distribution with hazard h(t; \) = A and survival distribution S(¢; \) = e~*. After
the trial is completed, we obtain a series of independent survival times ¢1, t9, - - - , ¢, and indicators
01,09, ,0n, with §; = 1 for event occuring, §; = 0 otherwise, where n is the total number of

subjects in the trial. According to Moore (2016), A=d /V, where
n n
d= Z&L andV = Zti.
i=1 i=1

20.1.1 Methods

o Hypothesis: The hypothesis of interest is
(Two — sided)
Hy: Mt = A¢ Versus Hy: X\ # ),

(One — sided)
Hy: M = A versus Hi: )\ < Ae,

where \; and ). are the hazard rates for the current treatment and historical reference, respec-
tively. The hypothesis is equivalent to
(Two — sided)

Hy:my =me versus Hy :my # me,

(One — sided)

Hy:my =me Versus Hi:myy > me,

where m; and m, are median survival time for the current treatment and historical reference,
respectively, or
(Two — sided)

Hy:HR =1 versus Hy:HR # 1,

(One — sided)
Hy:HR=1 versus Hi:HR <1,

where HR = M\ /A. = m./my is the hazard ratio for the current treatment and historical

reference.
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e Formula: We can get sample size n from
(Two — sided)

(Zoz/Q + 2,8)2
ng = —4t-——"

A2
(One — sided)
Zo + 25)*
ng = (2a A2 8)
where A = log(A¢/Ac) and z, is the upper ath quantile of the standard normal distribution,
and
ng
n=————
P=1)

where n,4 is the number of event required, n the total simple size required and the proportion

of event occuring

oy L o (AR
Po=1)=1 N (e e ).

20.1.2 Input and Output
e Input:

1. mg. (m, = %): median survival time for historical control

2. my (my = %): median survival time for treatment, or H R (H R = m./m;): hazard
ratio
. A: length of accrual period

3
4. L (L = A+ F): maximum follow-up time
5. «a: type I error rate

6

. B: type Il error rate (Power: 1 — 3)

e QOutput: number of event required n and total simple size n

20.1.3 An Example (Single-arm One-sided Test)

Consider a example where we plan a single sample clinical trial with a 5% (o = 0.05) significance
level (one-sided) test, and we need 80% (1 — 5 = 0.8) power to detect a hazard ratio of 0.7 (HR =
0.7). Suppose that the null hypothesis rate is m. = 7 months, and the alternative hypothesis hazard
rate is my = m./HR = 10 months. We suppose now that the accrual period is A = 3 months
and that the follow-up period is an additional /' = 6 months (i.e., maximum follow-up time L = 9

months). To obtain an estimate of the number of patients, we follow these steps,
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20.2. Two arms
20.2.1. Methods

Select Number of Groups: One, 1 or 2 Sided Test: 1-Sided, Time Unit: Months and

Choose Input Mode: Hazard ratio and median survival time of historical control.

e Select SAMPLE SIZE: Time To Event.
[ ]

e Input HR,m., A, L,axand 1 — (3.

e Click Submit.

Then the computed sample size in this situation is shown in Figure 20.1.

Figure 20.1: An Example (Single-arm One-sided Test)

Number of Groups Result

One Two

Given an accrual period of 3 months, a maximum follow-up time of 9 months, in a one-sided test for one-sample time-to-

1 or 2 Sided Test
1-Sided 2-Sided

Time Unit

Months Years

Choose Input Mode

Hazard ratio and median survival time of historical
control

Median survival time of historical control and treatment

Hazard Ratio (HR=Ay/A;=mc/my)

07
Median Survival Time for Historical Control (m.)

5
Length of Accrual Period (A)

3
Maximum Follow-up Time (L)

9
Type | Error (a)

0.05

Power (1-B)

0.8

20.2 Two arms

20.2.1 Methods

e Hypothesis: The hypothesis of interest is
(Two — sided)

Hy: i = A¢ versus

event endpoint, at the significance level of 0.05, 49 events and total 96 patients is needed to achieve 80% power when the
hazard ratio is 0.7 and the median survival time for historical control is 5. And the proportion of event occuring is 0.515.

Hy: M # Ae,
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(One — sided)
Hy: M\ = A versus Hy: ) < A,

where \; and ). are the hazard rates for the current treatment and historical reference, respec-
tively. The hypothesis is equivalent to
(Two — sided)

Hy:my = me Versus Hy :my # me,

(One — sided)

Hy:my =me versus Hi:mg > me,

where m; and m, are median survival time for the current treatment and historical reference,
respectively, or
(Two — sided)

Hy: HR=1 versus Hy:HR # 1,

(One — sided)
Hy:HR=1 versus Hi:HR <1,

where HR = A\¢/A\. = m./my is the hazard ratio for the current treatment and historical

reference.

Formula: We can get sample sizes n; and n. from

(Two — sided)

[(1+ &) (2a/2 + 28)]?
kA2

ng =

(One — sided)
_ A+ F) (20 + 29)]
ftd = kA2

where

1. A =log(A/Ne).
2. k=ny/n.

3. zq is the upper ath quantile of the standard normal distribution.

and
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20.2. Two arms
20.2.3. An Example (Two-arms One-sided Test)

where ng4 is the number of event required,n the total simple size required and P(0 = 1) is the

combined probability of event occuring. According to Schoenfeld (1983), we have

. P(.=1) kPG, =1) P, =1)+kP(5 =1)
Po=1)= 1+k + 1+k 1+k ’

where P(0. = 1) and P(J; = 1) are probabilities of event occuring for control and treatment,

respectively, and are calculated as:

P(fo=1) = 1~ (e — A7)

Al ’
1
P =1)=1— ——(e M — g7 lA+F))
(r=1) =1 = G (eF = D)
20.2.2 Input and Output
e Input:
1. me (m, = %): median survival time for historical control
2. my (my = %): median survival time for treatment, or H R (HR = m,./m;): hazard
ratio

3. k (k = n¢/n.): subject ratio of test control versus treatment
4. A: length of accrual period

5. L (L = A+ F): maximum follow-up time
6. «a: type I error rate

7. B: type Il error rate (Power: 1 — 3)

e QOutput: number of event required ng, total sample size n, sample size for control arm n,

and for test treatment 7

20.2.3 An Example (Two-arms One-sided Test)

Consider a example where we plan a single sample clinical trial with a 5% (. = 0.05) significance
level (one-sided) test, and we need 80% (1 — 5 = 0.8) power to detect a hazard ratio of 0.7 (HR =
0.7). Suppose that the null hypothesis rate is m. = 7 months, and the alternative hypothesis hazard
rate is my = m./HR = 10 months. We suppose now that the accrual period is A = 3 months
and that the follow-up period is an additional /' = 6 months (i.e., maximum follow-up time L = 9
months). To obtain an estimate of the number of patients with k& = 1 (equal allocation), we follow

these steps,
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Select SAMPLE SIZE: Time To Event.

Select Number of Groups: Two, 1 or 2 Sided Test: 1-Sided, Time Unit: Months and

Choose Input Mode: Hazard ratio and median survival time of historical control.

Click Submit.

Input HR, m¢,k, A, L,x and 1 — 3.

Then the computed sample size in this situation is shown in Figure 20.2.

Figure 20.2: An Example (Two-arms One-sided Test)

Number of Groups

One Two
1 or 2 Sided Test
1-Sided 2-Sided
Time Unit

Months Years

Choose Input Mode

Hazard ratio and median survival time of historical
control

Median survival time of historical control and treatment
Hazard Ratio (HR=Ay/Ac=m./my)
0.7
Median Survival Time for Historical Control (m.)

7

Subject Allocation Ratio (k = n¢/ nc)

1

Length of Accrual Period (A)

3

Maximum Follow-up Time (L)

9

Type | Error (a)

0.05

Power (1-B)

0.8

...

Result

Given an accrual period of 3 months, a maximum follow-up time of 9 months, in a one-sided test for two-sample time-to-
event endpoint, at the significance level of 0.05, 195 events, 420 patients for total, 210 for control and 210 for treatment is
needed to achieve 80% power when the hazard ratio is 0.7 and the median survival time for historical control is 7. And the
proportion of event occuring is 0.463.
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21. Simon’s Two-Stage Design

This section introduces the sample size calculation for Phase Ib/II clinical trial using Simon’s two-

stage design (Simon, 1989).

21.1 Method

The Simon’s two-stage design is a one-sided one-sample design in which the treatment is tested

against a historical control in its response rate. The hypothesis of interest in this design is
Hy:p<po wversus Hi:p=>p

where pg is uninteresting response rate, which is often the historical response rate, and p; is expected
response rate.

The design consists of two stages. In the first stage, n; patients will be recruited and treated
and number of responses in the first stage (x1) is assumed that 1 ~ Bin(ny,p). If there are r;
or fewer responses among these n; patients, i.e., 1 < 71, the study will be early terminated and
accept the null hypothesis. Otherwise, additional ny patients will be enrolled in the second stage
and number of responses in the second stage (x2) is assumed that 2o ~ Bin(ng, p), resulting in a
total number sample size of n = n; + ng. If there are less than or exactly r responses among these
n patients,i.e., t = x1 + x2 < r, we also accept the null hypothesis and claim that the treatment is

not promising. The process of the design is shown in Figure 21.1.
2. Enumeration

For specified values of pg, p1, and type I/II error rates, o and /3, we enumerate all of designs
with

n € [1,Mmaz), m1 € [I,n —1], r1 € [0,n1] and r € [r1,n).
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We can get the expected sample size EN = nj + (1 — PET)ng, where PET represents the
probability of early termination after the first stage and depends on the true probability of response

p (assumed as po):
1 n
N »
PET = B(ri;po,n1) = ( . )pé(l —po)"
i=0

where B(x) denotes the cumulative binomial distribution. Then determine that

e Optimal Two-stage Design : satisfies the error probability constraints and minimizes the ex-

pected sample size (£ V) when the response probability is pg.

e Minimax Two-stage Design : satisfies the error probability constraints and minimizes the total

sample size (n).
3. Start of Enumeration

The search over n could be ranged from a lower value of about

Za+25]2

Pl —P) [pl —Po

where p = (po + p1)/2 and z, is the upper ath quantile of the standard normal distribution, to

ensure that there are a nontrivial (n1, ny > 0) two-stage design.

21.2 Program Input and Output

1. Input: pg, p1, @, B, Nmaz-
e P : uninteresting response rate or the historical response rate of the control
e p; : desirable target response rate

e « : type I error rate

B : type Il error rate (Power: 1 — [3)
® N4 ¢ Maximum sample size allowed when searching n
2. Output: r1, ny, 7, n, EN and PET for the Optimal and Minimax designs.

e ry: the first stage threshold to stop the trial for futility, i.e., if there are r; or less re-

sponses, the trial will be early terminated.

e n;: the number of patients studied in the first stage.
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21.3. Protocol Template

e 7

n: the total sample size.

PET: the probability of early termination after the first stage under the null when the

response probability is pg.

e EN: the expected sample size, EN = nj + (1 — PET)(n — ny), under the null when
the response probability is pg.

21.3 Protocol Template

A Simons two-stage Optimal(/Minimax) design will be used to allow early stopping if the re-
sponse is not sufficiently promising to warrant further development (i.e. < pg ). This design tests
a null hypothesis that the true response rate is less than pg against a specific one-sided alternative
hypothesis that the true response is at least p;. The type I error rate is « (one-sided) and the type
II error rate is 5. Under these assumptions, a total of n patients are planned for enrollment. Based
on the above design considerations, n; patients will be enrolled to the first stage. If < r; patient in
the cohort achieves a response, then enrollment will be early terminated. If at least r; 4+ 1 patients
achieve a response among the first n; patients, then an additional n — n; patients will be enrolled to
the second stage. The null hypothesis will be rejected if at least  + 1 responses are observed among

the n patients.
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Stage one

Stage two

n, patients
recruited

/

=5 Y
esponse
N

/ n, patients
recruited

/

<P
responses
N

Figure 21.1: Flow Chart of Simon’s Two Stage.
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