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AN EVALUATION OF SAMPLE SIZE RE-ESTIMATION ADAPTIVE DESIGNS
AND DELAYED-START DESIGNS FOR ALZHEIMER’S DISEASE TRIALS

GUOQIAO WANG
BIOSTATISTICS
ABSTRACT

The goal of this dissertation is to investigate the effect of novel clinical trial
designs for Alzheimer’s disease (AD), and to provide applications for their use in real
trials. The data used for our simulation is a meta-data base of completed trials. In the first
paper, we investigate the sample size re-estimation (SSR) adaptive design based on the
effect size and the variance without taking into account the longitudinal feature of the
trials. In the second paper, we take advantage of that feature to explore the SSR based on
the variance of the rate of change in the longitudinal measurements. Finally, in the third
paper, we extend the delayed-start (DS) design to AD by proposing some of the crucial
design parameters. We also investigate the power of the DS design, and compare it to the
power of the typical randomized parallel-group design.

Through our simulations, we discover that SSR based on the effect size or the
variance without taking into account of the longitudinal feature of the trial can be
effective for trials with small or moderate initial sample sizes. However, when the initial
sample size is over 200, the gain in power after SSR is no longer significant. After
incorporating the longitudinal feature, we show that SSR based on the rate of change is
not only effective, but also allows the luxury to adapt the sample into two ways: increase
the number of recruits or add the number of measurements. However, increasing the

number of recruits is more likely. Finally, for the DS design, we prove that the optimal
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sample size allocation ratio is 1:1:1; the optimal weight has a simple formula; the
correlation between slopes can be negative and positive; and the optimal treatment-switch

point is the middle point or the second one of the middle two.

Keywords: Alzheimer’s disease, mild cognitive impairment, sample size re-estimation,
adaptive design, longitudinal study, delayed-start design
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Literature Review

Background and Motivation for Research

Mild Cognitive Impairment, Alzheimer’s disease, and their negative impact

“AD is an age-related, progressive neurodegenerative disorder that gradually
destroys a person's ability to remember, think, and even carry out the simplest tasks”. AD
is diagnosed mostly in people age 60 or older, and it is becoming increasingly common as
the oldest "baby boomers" in U.S. turn 65 [1]. As of 2012, an estimated more than 5
million Americans are suffering from AD. The disease ravages the patients as well as the
entire family, in emotional, physical, and financial ways. Currently, AD costs the health
care system $200 billion a year [2]. The number of people affected in America by AD
will jump to 13.5 million by 2050 [2]. Therefore, it is imperative that effective treatments

be developed to prevent or delay the onset of AD, or to stop the progression of AD.

“Muild cognitive impairment (MCI) refers to the clinical condition between normal
aging and AD in which persons experience memory loss to a greater extent than one
would expect for age, yet they do not meet currently accepted criteria for clinically
probable AD” [3]. It causes cognitive changes that may be noticed by the individuals
experiencing them, but are not serious enough to affect daily activities. Although not all
of those with MCI will develop Alzheimer’s disease (AD) or another type of dementia,

their risk is increasing [2].



Symptomatic and Disease-modifying Therapeutics for AD

There are two main AD therapeutics: symptomatic treatments and disease-
modifying treatments. The former only mitigates the symptoms of AD, such as
improvements on cognitive scores, relief in anxiety, and amelioration in low mood and
irritability. The latter not only lightens the symptoms, but is also expected to delay the
onset of the disability caused by AD or to slow down the progression of the disease

course [4].

Available Therapeutics for AD, the Dominant Clinical Design Used in AD and Its Future

Alternatives

Clinical trials for AD have been conducted for a little over 30 years. Prior to 1986,
the methodology for conducting clinical trials in AD was virtually non-existent. In 1990,
the US Food and Drug Administration (FDA) established guidelines for anti-AD drug
trials. Under the 1990 guidelines, several drugs have been approved for symptomatic
therapies [5, 6], including tacrine, donepezil, rivastigmine, galantamine, and memantine.
But still no disease-modifying drugs are available. Currently, there are approximately 80
drugs for AD being investigated in over 200 clinical trials mostly phase I/11 [7]. As part
of the consequence of investigations, the randomized, double-blind, placebo-controlled,
parallel-group clinical trial design has become the standard design according to FDA
guidelines [8]. During the 1990's, a trial of 6 months duration with about 100-120
subjects per arm was generally considered sufficient to detect the treatment effects.

However, due to the almost uniformly negative results of the initial clinical trials, sample



sizes have increased remarkably for both phase 11 (40 to 200 per arm) and phase 111 (201
to 842 per arm) and the trial duration has extended from 6 months up to 24 months[5].
Despite the enormous increase in the trial duration and the sample size, the lack of
success in detecting an effective treatment using the typical design remains. Moreover,
there has not any approved disease-modifying therapeutics. Potential causes of these
negative trials included the lack of efficacy in the treatments, insensitivity of the primary
outcome to cognitive changes, underpowered trials due to the inaccurate pre-trial
estimates of treatment effect, and so on. Therefore, clinical trial designs which allow
interim analyses and resultant modification of the ongoing trial to increase or adjust
power, such as adaptive designs, have been recommended as alternatives[9]. One such
adaptive design is the SSR adaptive design, which allows sample size adjustment based
on the comparison between the interim treatment effect (or the interim variance) and the
pre-trial treatment effect (or the pre-trial variance) [10]. However, both the typical design
and the adaptive design are parallel group designs, which may not be able to distinguish
the disease-modifying therapeutics from the symptomatic ones [11]. In order to facilitate
the detection of disease-modifying treatments, the delayed-start (DS) design has been
proposed. In the DS design, patients are randomly assigned to placebo or treatment for a
pre-specified frame of time and then those (or a randomized portion of those) in the
placebo group are also given the treatment. If patients who are on the treatment from the
beginning of the study show similar effects as those who received the treatment later, the
treatment effect if any is considered symptomatic, but not disease-modifying [4, 11].
These two novel designs have many advantages over the typical design. For example, the

SSR adaptive design has the flexibility to adjust the trial for better efficacy, minimize the



number of patients exposed to the inferior treatment, avoids the long-term trials for drugs
with limited efficacy, and better utilizes the most recent external or internal information
in the ongoing trial. The DS design has the unique ability to declare the disease-
modifying effect. However, there are also concerns when employing SSR, such as the
reliability in estimating the overall treatment effect based on a relatively small interim
sample (or, for longitudinal trials, the precision in predicting the final treatment effect
using only the early measurements), and the tradeoff between the gain in estimated power
versus the burden to recruit more subjects. The former concern is particularly relevant for
clinical trials in AD, as heterogeneity in the course of the disease may introduce
significant inaccuracies in estimating the final treatment effect based on interim analyses
[12].

On the other hand, due to the complexity in determining the crucial design
parameters such as the sample size allocation ratio in different treatment arms, the
optimal time of treatment switch, the length of the before-treatment-switch period, the
test statistic, and the power for given sample sizes; the DS design has not been
successfully applied in any AD clinical trial to detect disease modifying treatments [6].
Therefore, this paper addresses the practical necessity to investigate the applicability of

these novel designs before their implementation.

Clinical Design Background and Statistical Methods

A Brief Review of the SSR Adaptive Design

The concept of adaptive designs was first introduced into statistical community in

1978 [13], since then it has accumulated increasing interests. An adaptive design refers to
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a clinical trial design that uses accumulating data at the interim analysis to modify certain
aspects of the trial as it is ongoing without undermining the validity and integrity of the
trial, and these adaptations are pre-determined rather than impromptu in order to avoid
bias [14]. Therefore, adaptive designs offer the flexibility to learn from the accumulating

data and apply what is learned quickly to an ongoing trial.

Compared to the typical parallel group design, the adaptive design is
advantageous in several aspects: 1) it offers the flexibility to learn from the accumulating
data and apply what is learned quickly to an ongoing trial; 2) it can improve efficiency
either by reducing the number of patients exposed to the treatment with limited efficacy
or by stopping the trial earlier for futility; 3) it reflects medical practice in the real world
in that we want to learn from an ongoing trial and then use what we learned to improve it;
and 4) it is proved efficient in early or late phase of clinical development [15]. As a
consequence of rapid development in adaptive design methodology, adaptive designs
now include a general set of methods such as adaptive randomization; adaptive dose-
finding studies, seamless phase I1/111 designs, and sample size re-estimation (SSR), etc. In

this dissertation, we focused on the SSR adaptive design.

The typical parallel design starts the trial with a pre-specified sample size, and
modification regarding the sample size would not be allowed after the trial has started. In
the absence of dropouts, the trial would end with the same sample size as specified at the
beginning. The SSR adaptive design starts with a typical parallel design, and then allows
the sample size to increase when the pre-trial treatment effect size was overestimated or
the pre-trial variance of the outcome was underestimated, leading to a trial that concludes

using a larger sample size retaining the more power specified at the beginning; and
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allows early stopping or an overall decrease in the sample size when the pre-trial
treatment effect size was underestimated or the pre-trial variance was overestimated,

leading to a trial with the pre-specified power, but a smaller sample size (Figure 1).

The Typical RCT Design The SSR Adaptive Design
° ) ° ° Final Analysis
Scenario |
° Final Analysis
"] o "] o "
Scenario |l
° ° °
()] ] o (] Inrease Samples?
° @ °
o o o o
° ° ° °
Reduce Samples?
] o "] (]
° ° °
° ) ° ° ° °
Baseline  Clinical Assessment Clinical Assessment Final Analysis ~Baseline Interim Analysis  Larger sample  Smaller sample

Figure 1. The simplified comparison between the typical clinical design and the SSR
adaptive design: the former requires a fixed sample size; whereas the latter allows sample
size adjustments

As noted previously, the SSR adaptive design offers some significant advantages over the
typical parallel-group design including minimizing the number of patients exposed to
potential toxic or inferior drugs, avoiding underpowered trials by adjusting the sample
size, stopping the trials earlier for futility, and incorporating the most recent internal or
external information into an ongoing trial [14]. All these unique features of the SSR
adaptive design are potentially beneficial to clinical trials for AD. For example, the
heterogeneity in the course of the disease leads to patients’ inconsistent response over
different treatments, thus information obtained from previous trials might not accurately
reflect what would happen in the next trial, resulting in inaccurate estimates of the
treatment effect or the sample size; so it is helpful to conduct SSR in order to right-size

the trial to demonstrate efficacy or to right-end the trial to enhance efficiency.



When planning a trial, at least two design parameters are required to appropriately
power a trial: the treatment effect to detect and the nuisance parameter related to the
primary outcome such as its variance. Consequently, misspecification of these two design
parameters may lead to overpowered, expensive, and lengthy trials or underpowered and
inefficient trials. Correspondingly, a SSR can be conducted at the interim analysis to re-
evaluate either or both of these two design parameters, thus generally speaking leads to
two types of SSR: 1) SSR based on the treatment effect or based on a combination of the
treatment effect and the nuisance parameter, which inflates type I error and thus requires
corresponding adjustments; and 2) SSR based on the nuisance parameter only, which
does not inflate type I error and thus requires no adjustments [16-19]. Regardless of the
SSR method, a typical SSR adaptive design involves several steps: 1) obtaining pre-trial
estimates design parameters such as the variance of the primary outcome, the treatment
effect, and the sample size for beginning the trial; 2) performing an interim analysis at a
specified time point re-estimates all or some of the design parameters; 3) based on the
comparison of the re-estimated design parameter with the pre-trial ones, invoking a
decision rule about the next phase of the trial such as increase or decrease the sample size;

4) analyzing the final trial results without inflating the type I error.

At the interim analysis, the design parameters can be re-estimated in a blinded
fashion, meaning the patients’ treatment assignment is unknown to trial personnel such as
clinicians and statisticians; or in an unblinded fashion, meaning the treatment assignment
is known to some of the trial personnel. The blinded SSR is usually preferable, especially
for the SSR based on variances for a continuous outcome [14]. The blinded SSR is

superior to the unblinded for reasons including: 1) it generally behaves as well as the



unblinded [17]; 2) it tends to minimize the inflation of type I error if any, particularly for
moderate or large sample sizes [20]; 3) it is less likely to induce biases and to undermine
the integrity of the trial [14]; and finally, 4) it is preferred from a regulatory standpoint
[16]. In this study, both the blinded SSR based on the variance of the primary outcome
and the unblinded SSR based on the effect size were investigated. When conducting a
blinded SSR based on the variance, the variance needs to be estimated blindly at the
interim analysis, and the estimate can be done by two main methods: the expectation—
maximization (EM) algorithm [21] and “the pooled sample variance with adjustment
based on the difference between the means presumed in the alternative hypothesis™ [19].

A detailed comparison between the two methods will be presented later.

Comparison between the SSR adaptive design and the group sequential design in the

context of AD clinical trials

From the standpoint of frequentist statistics, two main designs provide the luxury
to adjust the ongoing trials based on the accumulating data: the group sequential design
(GSD) and the adaptive design [22]. The GSD samples groups of observations for interim
analyses, and consequently, the trial can be stopped at any interim analysis and after any
of these groups for safety, efficacy/futility or both [15]. The GSD was introduced in 1947,
and has been well-developed and well-accepted [23]. Additionally, GSDs were argued to
perform more efficiently than adaptive designs in certain circumstances such as when the
key parameters are known in the beginning of the clinical trials [24]. Therefore, we make
the following comparison between the two methods in the context of AD to justify our

choice of the SSR adaptive design over the GSD.



1) The main objective
The two types of designs serve fundamentally different purposes. The
GSD aims for early stopping, whereas, the SSR adaptive design aims to
increase the sample size flexibly to ensure the study power. The failed 18-
and 24-month trials in AD have showed that early stopping is not realistic;
instead, increasing the power is the primary purpose of using novel
clinical trial designs, which means the SSR adaptive design fits the goal
better.

2) The time and number of interim analyses
The GSD usually involves more than two interim analyses, and thus
requires earlier first interim analysis than the adaptive design, which, in
most situations, involves only one interim analysis. In addition, AD is
chronic and progresses slowly, thus an early interim analysis may not
reveal useful information or provide accurate estimates.

3) The sample size in the beginning of the study
The GSD generally “starts large, and if you can, stops early”, meaning
GSDs usually start with a relatively large sample size, sometimes even
with a maximal sample size evaluated using the smallest treatment effect.
On the other hand, the SSR adaptive design “starts small and asks for
more if necessary”, meaning it usually starts with a relatively small sample
size, and then uses the accumulated data at the interim analysis to decide
whether or not to increase the sample size [25]. Many failed clinical trials

with relatively large sample size in AD have indicated that the “start large”



4)

5)

strategy probably is not the optimal one. Furthermore, given the small
effect sizes typically observed in AD, the “start large” method would
likely yield such a large sample size that it could not realistically be
implemented.

The impact of the length of the recruiting time

The recruiting time for AD trials usually is not long relative to the trial
duration, thus patients’ outcome measurements will cluster in a very short
time interval, which means that to sample groups of measurements orderly
with pre-determined time space when all of them are available is
inefficient and even unethical.

On the contrary, the clustered measurements serve the SSR adaptive
design very well since the study starts with a small sample size and data
are intended to be collected as much as possible within a short period of
time for the purpose of reliable estimates.

The flexibility in the sample size

The GSD, like the traditional randomized, placebo-controlled, parallel-
group design, generally requires a fixed sample size from the beginning to
the end of the trial, whereas, the SSR adaptive design allows the interim
analysis to determine the final sample size, and thus produces a flexible
maximum sample size. This flexible maximum sample size is a helpful
and new paradigm, and enables the SSR adaptive design to have larger
power than the GSD. On the other hand, due to the multiple interim

analyses, the GSD usually results in loss of power [26].
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6) The preferable study object
Studies with GSDs almost always involve mortality or irreversible
morbidity as primary efficacy endpoints (thus ethics require possible early
termination), while the SSR adaptive design is often used for trials with
non-life-threatening or chronic diseases with continuous or binary
outcomes [26]. The chronic nature of AD along with Alzheimer’s disease
assessment scale cognitive sub-scale (ADAS-Cog) as the primary
continuous outcome certainly fits the frame of the latter properly.

7) The type of sample adjustment
For clinical trials with longitudinal data, the sample can be adjusted in two
ways: 1) recruit more subjects while retain the number of longitudinal
measurements, meaning extend the duration of the trial; and 2) increase
the number of longitudinal measurements while retain the number of
subjects. The GSD generally requires the duration of the trial to be pre-
determined in order to schedule multiple interim analyses in the design
stage, and thus it limits the sample adjustment to the number of subjects

only.

In sum, the SSR adaptive design is a superior option for AD over the GSD.

Methods for blinded estimate of the variance

A SSR adaptive design starts with a typical parallel-group design: the treatment

group and the placebo group. At the interim analysis, outcomes from both groups are
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collected for the estimate of the common variance without knowing the groups they

belong to.

Two methods for the blinded estimate of the interim variance were proposed by
Gould and Shih [21]: “the pooled sample variance with adjustment based on the
treatment effect presumed under the alternative hypothesis” (henceforth, referred as the
pooled-sample-variance method); and the EM algorithm which is independent of the
presumed treatment effect. Govindarajulu extended the pooled-sample-variance method
to outcomes from arbitrary distributions [19]. Gould and Shin claimed that the maximum
likelihood estimate (MLE) of the common variance by the EM algorithm preserves the
blindness and is very satisfactory. However, Friede and Kieser showed that the EM
algorithm: 1) depends on the initial values; 2) its stopping rule may not be able to
guarantee the convergence of the MLE to the true variance; 3) it is only appropriate for
trials with the simple randomized assignment, e.g. 1:1 sample allocation ratio [27].
Waksman improved Gould and Shin’s procedure and his updated version overcomes the
aforementioned flaws; however, the new procedure still leads to a negatively biased
estimate with a large standard deviation. Additionally, he concluded that “when the
standardized treatment effect is 1 or less, which is typical in most trials”, the pooled-
sample-variance yields a better estimate despite of its positive bias [28]. We extended
Waksman’s work and investigated the impact of skewness on the estimate for both

methods.

The non-normal data with given skewness and kurtosis were generated by

Fleishman’s polynomial method [29, 30]. Assume random variance X~N (0, 1), then let
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Y=a+bX +cX?+dX3

with E(Y) =0,E(Y?) =0,E(Y3®) =y,,and E(Y*) =y, + 3, where ¥, and y, are the
pre-specified values of skewness and kurtosis. Then the corresponding coefficients

satisfy the following equations.

b%? + 6bd + 2¢*+15d* —1=0
2¢(b? + 24bd + 105d?> +2) —y; =0
24{bd + c*(1 + b? + 28bd) + d?(12 + 48bd + 141c? + 225d*)} —y, =0

Fleishman solved the 3" equation for ¢, and then substituted the resultant expression into
the 2" and the 4™ equations. That yielded two equations for solving two variables.
Fleishman used a modified Newton method to accomplish this. We applied the same
method and obtained a list of the coefficients with corresponding values of skewness and

kurtosis (Table 1).

Table 1. The combinations of skewness, kurtosis, and corresponding coefficients

Combination | Skewness | Kurtosis b c d
1 0.5 0.5 | 0.97343 | 0.08045 | 0.006647
2 0.6 0.5 0.98755 | 0.10020 | 0.000784
3 0.7 0.5 1.00633 | 0.12311 |-0.007253
4 0.8 0.5 1.03156 | 0.15154 |-0.018621
5 0.5 0.6 | 0.96255 | 0.07872 | 0.010305
6 0.6 0.6 | 0.97572 | 0.09777 | 0.004867
7 0.7 0.6 | 0.99310 | 0.11957 |-0.002505
8 0.8 0.6 1.01622 | 0.14606 |-0.012761
9 -0.5 0.5 0.97343 |-0.08045| 0.006647
10 -0.6 0.5 0.98755 [-0.10020| 0.000784
11 -0.7 0.5 1.00633 | -0.12311|-0.007253
12 -0.8 0.5 1.03156 | -0.15154 |-0.018621
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Combination | Skewness | Kurtosis b c d
13 -0.5 0.6 | 0.96255 [-0.07872| 0.010305
14 -0.6 0.6 | 0.97572 |-0.09777| 0.004867
15 -0.7 0.6 | 0.99310 |-0.11957|-0.002505
16 -0.8 0.6 1.01622 -0.14606 |-0.012761
17 1.0 0.5 1.11465 | 0.25852 |-0.066013
18 1.2 0.5 -0.91451| 0.15709 |-0.024614
19 -1.0 0.5 1.11465 | -0.25852 [-0.066013
20 -1.2 0.5 -0.91451/-0.15709|-0.024614
21 0.4 1.0 |0.91613 | 0.05736 | 0.026170
22 0.6 1.2 1 0.91664  0.08706 | 0.024639
23 0.8 1.4 10.92471 | 0.11985 | 0.019872
24 1.0 1.6 | 0.94243 | 0.15938 | 0.010500
25 1.2 1.8 | 0.97458 | 0.21578 |-0.007486
26 -0.4 1.0 |0.91613 -0.05736| 0.026170
27 -0.6 1.2 1 0.91664 -0.08706| 0.024639
28 -0.8 1.4 | 0.92471 -0.11985| 0.019872
29 -1.0 1.6 | 0.94243 -0.15938| 0.010500
30 -1.2 1.8 | 0.97458 -0.21578|-0.007486

Based on these lists, we generated non-normally distributed data based on N(0, 1)
and N(0.25,1), N(0,2) and N(0.5,2), N(0,3) and N(0.75,3), N(0,4) and N(1.0,4),
and finally N(0,5) and N(1.25,5), and then estimated the common variance using the
EM algorithm and the pooled-sample-variance method for different sample sizes per

group. Our simulation showed that the EM algorithm is more vulnerable to skewness and

kurtosis (Figure 2).
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Figure 2. The impact of skewness on the blinded estimate of variances by estimate
methods based on N(0,5) and N(1.25,5).

All things considered, in this study, the pooled-sample-variance method is chosen
for the blinded estimate of the interim variance.
Real patient data used in the simulation

Participants for the simulations were drawn from a meta-database of clinical trials

and observational studies [31]. Of all the studies, 8 of them were used for this dissertation

(Table 2).
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Table 2. Studies used in this dissertation

. Duration

Study (code) Design N (months)
Selegiline, vitamin E (SL) RCT, moderate to severe AD | 341 24
Prednisone (PR) RCT, mild to moderate AD | 138 16
Conjugated estrogens (CE) RCT, mild to moderate AD | 120 15
Memory impairment study (MIS) | RCT, MCI 769 36
Simvastatin (LL) RCT, mild to moderate AD | 406 18
Vitamins B (HC) RCT, mild to moderate AD | 409 18
DHA (DHA) RCT, mild to moderate AD | 402 18

. 36 (AD)

ADNI (ADNI) Sobrﬁ;‘l’a“o”a" AD. MCL 1 800 | 48 (McCl)

48 (NL)

Abbreviations: RCT, randomized clinical trial; LL, lipid lowering; HC, homocysteine;
DHA, Docosahexaenoic Acid; ADNI, Alzheimer’s Disease Neuroimaging Initiative; NL,
normal.

Research Goals

Paper 1

We begin with the SSR based on the effect size and the variance using only a
single measurement. We evaluate the impact of SSR on power and final sample sizes. We
also consider other factors that potentially affect the behavior of SSR, such as the time of

SSR, the initial sample size, and the duration of the trial.

Paper 2

Taking advantage of the longitudinal data, we evaluate the SSR method based on
the variance of the rate of change of the longitudinal data. This method leads to

adjustments in the final sample size or in the total number of measurements for each
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subject. We examine the differences between these two types of adjustments and

potential factors that may affect them.

Paper 3

First, we improve and propose the values of the crucial design parameters in DS
design. Second, we extend the assumption of the variances. Finally, through simulation,
we compare the power of the DS design with the typical randomized parallel-group

design, and evaluate the impact of the variance assumption on power.

Future Research

We conclude this dissertation with a discussion on limitations of our current work

and directions for future research.
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1 INTRODUCTION

The number of individuals with AD continues to grow worldwide with the aging
of the population [1]. Although a handful of modestly effective symptomatic treatments
have been developed using the typical randomized clinical trial (RCT) design, clinical
trials to identify effective disease-modifying treatments to slow the progression of AD
have been uniformly negative [2-4]. There are several potential causes of these negative
trials, including the lack of efficacy in the treatments, insensitivity of the primary
outcome to treatment changes, and low power due to the inaccurate pre-trial estimates of
the treatment effect. Therefore, clinical trial designs which allow interim analyses and
resultant modification of the ongoing trial to increase power (adaptive designs) have
been recommended [5]. One such approach is the sample size re-estimation (SSR)
adaptive design, which allows sample size adjustment based on the comparison between
the interim treatment effect (or the interim variance) to the pre-trial treatment effect (or

the interim variance) [6].

A simplified comparison between the typical RCT design used in AD and the SSR
adaptive design is illustrated in Figure 1. The typical RCT design starts the trial with a
pre-specified sample size, and modification regarding sample size would not be allowed
after the trial has started. In the absence of dropouts, the trial would end with the same
sample size as specified at the beginning. The SSR adaptive design allows the sample

size to increase when the pre-trial treatment effect size was overestimated or the pre-trial
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variance of the outcome was underestimated, leading to a trial that concludes using a
larger sample size to retain the power specified at the beginning. It also allows early
stopping or an overall decrease in the sample size when the pre-trial treatment effect size
was underestimated or the pre-trial variance was overestimated, leading to a trial with the
pre-specified power, but a smaller sample size. This flexibility can not only adjust the
trial to improve efficacy, but also provide other advantages over the typical RCT design,
such as minimizing the number of patients exposed to inferior treatment, avoiding long-
term trials for drugs with limited efficacy, and better utilizing the most recent external or
internal information of the ongoing trial. However, there are potential concerns when
employing SSR, such as the reliability in estimating the overall treatment effect based on
a relatively small interim sample (or, for longitudinal trials, the precision in predicting the
final treatment effect using only the early measurements), and the tradeoff between the
gain in power versus the burden to recruit more subjects. The former concern is
particularly relevant for clinical trials in AD, as heterogeneity in the course of the disease
may introduce significant inaccuracies in estimating the final treatment effect based on
interim analyses. This study was designed to use simulations based on real patient data to

investigate the behavior of SSR in an adaptive trial design for AD.

The Typical RCT Design The SSR Adaptive Design
° ) ° ° Final Analysis
Scenario |
° Final Analysis
] 9 ° o :
Scenario Il
° ° °
] ] (] L Inrease Samples?
° @ °
o o o "]
° ° ° °
= o Reduce Samples?
ot . ) ° °
° ) ° ° ° °
Baseline  Clinical Assessment Clinical Assessment Final Analysis Baseline Interim Analysis  Larger sample  Smaller sample

20



Figure 1. The simplified comparison between the typical clinical design and the SSR
adaptive design: the former requires a fixed sample size; whereas the latter allows sample
size adjustments

2 METHODS

2.1 Study Overview

Participants for the simulations were drawn a meta-database of 9 clinical trials
and observational studies [7]. The primary outcome was the ADAS-Cog, which evaluates
memory, reasoning, orientation, praxis, language, and word finding difficulty, and is
scored from 0 to 70 errors, with higher scores indicating greater impairment [8]. Clinical

assessments were done at 6-month intervals over the first 2 years.

2.2 Simulation Methods

Simulations were conducted under a detailed protocol [9], similar to our
previously published approach [7, 10], to reflect clinical trials for an experimental drug
for AD or MCI with one treatment group and one placebo group, 1:1 allocation ratio, and
parameters for the distribution of ADAS-Cog selected to be consistent with previously
published trials and ADNI [11, 12]. Clinical trials with sample sizes of 50, 100, 200, 300,
and 400 per group, trial durations of 12 months or 18 months for AD and of 18 months or
24 months for MCI, and dropout rates of 20% or 40% in both groups, were simulated.
For each scenario, a separate set of patients was constructed by randomly choosing from
the meta-database with replacement, i.e., patients from the dataset could be present in the
simulated groups more than once in the same or different treatment groups. The placebo
group outcome was the score for the subject at the specified time point in the meta-

database, with normally distributed random error with mean 0 and standard deviation 1
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added to minimize ties in the outcome. For each subject in the treatment group, effect
sizes of 0.15 and 0.25 (representing treatment effects of small to medium size) were used
to compute simulated treatment results. The individual treatment effect was randomly
generated from a y? distribution with mean equal to the expected treatment effect (effect
size times the pooled group standard deviation) to allow for a more realistic distribution
of declines over time, where a few patients may fail or worsen more markedly because of
the skewness of the y?2 distribution than would be predicted by a normal distribution. As
successful treatments would lead to smaller increases on the ADAS-cog than placebo, the
individual treatment effect was shifted by subtracting two times the expected treatment
effect, then adding the result to the patient’s score at the specified time point in the
database. For example, if a is the ADAS-Cog score at a given time point in the database,
then a + yZ — 2 = z, is the corresponding score in the simulated treatment group, where
z = ef fect size * sd and sd is the sample standard deviation of the change in ADAS-
Cog from baseline. Assume a = 24, effect size is 0.25, sd is 8, and the randomly
generated treatment effect from the y2 is 3, then the ADAS-Cog score used in the
simulation would be 23. While a patient may be reused in the analysis, the actual value
used would be modified by this randomly selected amount, hence making it slightly

different.

2.3 Time Points Used for SSR

For a typical RCT AD, patients’ enrollment times vary (Figure 2), leading to
different number of available measurements for each patient at the interim analysis. In
this example, at 12 months, patient 1 had 3 measurements available; patients 2 to 5 had 2;

while patient 6 had only 1. In this paper, for a given trial with an initial sample size of 50
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per arm, ‘SSR at 12 months’ means that all the patients enrolled and had been measured
for up to at least 12 months. Notably, some patients were followed longer and their
measurements were truncated at 12 months implying each patient would have the
opportunity for 3 measurements. This truncation leads to power loss, but depends heavily
on the recruitment rate. Thus for simplicity, we truncated the follow-up at this point so

our results were not strictly dependent on the recruitment rate.
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Figure 2. The enrollment times vary in a trial. The number of measurements per patient
varies depending on enrollment times and the time of SSR performed. For example, at 12
months, patient 1 has 3 measurements; patients 2 to 5 have 2; and patient 6 has only 1.

2.4 Estimation Methods Used for SSR

SSR based on interim variances (henceforth, referred as “variance only method”)
and SSR based on interim effect sizes (henceforth, referred as “effect size method”) were
used, and both methods assumed equal variances in the treatment group and the placebo
group. The “variance only method” assumes that the pre-trial estimate of the mean
difference between treatment and placebo groups is accurate, and only the variance is

uncertain, thus needs re-estimation. At the interim analysis, the variance of ADAS-cog
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was estimated and compared with the pre-trial estimate, and then the sample size was

adjusted based on the following equation:

Where, N is the re-estimated sample size, N, is the initial sample size, and 67 and 6 are
the interim and the estimated pre-trial variances of the outcome, respectively. In our
analysis, 67 was estimated using pooled data (to mimic blinding to treatment in a clinical
trial) as 67 = (N; — 1)/(N; — 2)(S% — A%/4), where N; is the total sample size at the
interim analysis, S2 is the pooled sample variance, and A is the pre-trial estimate of the
treatment effect [13]. This method does not inflate type I error, thus no adjustment to the

a level is required.

The “effect size method” assumed that the estimate of the pre-trial estimate of the
mean difference between treatment and placebo groups, as well as the pre-trial variance,
is uncertain. At the interim analysis, both would be re-estimated and the initial sample

size was adjusted based on the formula given by Chang [14]:

a

E
0 N,,

E;

N =

where, E, and E; are the pre-trial and the interim observed effect sizes, and a is a tuning
parameter and that is often chosen to be 2 because of the squared relation between the
sample size and the effect size. E; was approximated as E; = A;/S, where, A; is the
observed treatment difference at the interim analysis, and S is the pooled sample

deviation. This method requires unblinding of the treatment code, which must be
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monitored carefully and kept to a minimum of individuals to preserve trial integrity. In

addition, it does not preserve the type | error, so adjustment to the a level is required.

The pre-trial variances of ADAS-Cog scores for MCI and AD trials used in this
study were 16 and 64 respectively, which were conservatively estimated based on the
placebo outcomes of previous trials [3]. A single SSR was conducted at 6 months and 12
months. Increases in sample size are not necessary if significance of the treatment
difference is achieved at the interim analysis, or if the treatment effect is as large as or
larger than that hypothesized a priori, or if the variance is as small as or smaller than that
hypothesized. For both methods, we assumed restricted designs [15], which means the
initial sample size may be increased but not decreased. The latter restriction was a
practical consideration, since in many chronic conditions; recruitment is often completed

by the time of SSR.

2.5 Statistical Analysis

The primary analysis method was the Wilcoxon test of differences in ADAS-cog
between the treatment group and the placebo group; missing values were imputed using
last observation carry forward (LOCF) because of its simplicity and the assumption of
non differential dropout as well as the longitudinal nature of the data [16]. The secondary
analysis method was a mixed effects linear model, which tested the difference in the
slopes of the ADAS-cog between the treatment group and the placebo group. For all
analyses, the missing data pattern present in the meta-database was used to realistically
simulate dropouts. Observations were missing in simulated datasets in cases where they

were originally missing in the meta-database. Because of our use of treatment effect
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applied to selected samples, differential dropout caused by informative censoring was not

included into the comparison.

One thousand simulations were carried out for each scenario so that estimates of
power could be obtained up to three digits. Power is defined as the proportion of 1000
simulated trials per scenario with p values less than or equal to 0.05. All analyses were

performed using SAS software, Version 9.2 (SAS Institute, 2008).

3 RESULTS

SSR at 6 months resulted in highly variable outcomes for both sample size
increases and power improvement regardless of SSR method (Figures 3 and 4).
Approximately 25% of trials required at least a doubling of the sample size regardless of
initial sample sizes. When the initial sample size per treatment group was 50, half of SSR
projected no increase in sample sizes. After SSR, the gain in power varied by initial
sample sizes, trial durations, and effect sizes. For example, given an MCI trial with effect
size 0.25, duration of 18 months, and SSR at 6 months based on variances, the power of
the trial on average increased from 38.8% to 61.3% for initial sample sizes of 50 per
group and from 64.7% to 88.1% for initial sample sizes of 100 per group. In contrast, the
gain in power is less dramatic for an AD trial under the same setting, e.g. the power on
average increased only from 30.8% to 42.2% for initial sample sizes of 50 per group and
from 53.0% to 69.4% for initial sample sizes of 100 per group. However, when the initial
sample size was over 200, the gain in power was negligible regardless of the type of trials.
When the effect size was smaller, the power before SSR as well as after also became

smaller; however the gain in power actually increased over larger initial sample sizes
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(Figure 3). Under the same SSR method, the longer trial duration did not generate larger
gain in power (Figure 5). In contrast, SSR at 12 months showed greater gains in power,
but were still highly variable, ranging from 0% to 44%, with no clear increase in power

over larger initial sample sizes (Figure 6).

The “effect size method” generally resulted in greater gain in power than the
“variance only method” (Figure 4). However, the greater gain was at the price of larger
increase in the re-estimated sample sizes (Table 1), and it diminished over larger initial
sample sizes. The two SSR methods generated very similar results for both AD and MCI
clinical trials. On average, both the gain in power and the increase in sample sizes after

SSR are slightly larger for Wilcoxon tests than for the mixed effects linear model tests.

Table 1. Increase in sample sizes after SSR by initial sample sizes and by SSR methods.

Initial Sample Sizes
SSR method 50 | 100 [ 200 | 300 | 400
Increase in sample sizes after SSR (mean(std))

SSR based on
variances 43(18) | 85(25) | 170(35) | 253(43) | 338(30)
SSR based on
effect sizes 166(219) | 210(226) | 272(244) | 303(253) | 341(259)
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MCI 18 month trial MCI 18 month trial
Effect size =.15 Effect size=.25

100
90
80|
70|
60
50|
40
30
20|
10|

3
I

AD 18 month trial AD 18 month trial
Effect size =.15 Effect size=.25

1004
90—
80
70+
60—
50+
40+
30
20

10

Power before and after SSR

T T T T T T T T T T
50 100 200 300 400 50 100 200 300 400

Sample Size at Interim analysis

|gr0up —E— Before —f— Aﬂer|

Figure 3. Power comparison before and after SSR based on variances at 6 months

Power comparison between SSR based on variances and based on effect sizes
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Figure 4. Comparison between SSR at 6 months based on variances and based on effect

sizes
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Power before and after SSR
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Figure 5. Power comparison by trial durations and by the time of SSR based on variances.
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Power comparison by the time of SSR
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Figure 6. Power comparison by the time of SSR.

4 DISCUSSIONS




Based on our simulation, the SSR adaptive design can be effective for clinical
trials in AD and MCI under certain circumstances. However, the effectiveness depends
on several factors, such as the number of subjects accumulated for the interim analysis,
the true treatment effect size, and the type of uncertainty in the pre-trial estimates (effect
sizes or variances). Too few subjects accumulated for the interim analysis might lead to
imprecise estimates of the treatment effect or the variance, thus resulting in poor
prediction of sample size adjustments; with too many subjects, subjects are already
enrolled and the trial without SSR already has adequate power. The smaller the true
treatment effect, the more subjects are needed at the interim analysis in order to obtain
precise estimates. Although the uncertainty in the pre-trial estimates determines the SSR
method, the “variance only” method would be preferred over the “effect size” method [17,
18] and emphasizes the importance of pre-trial estimates of the difference between
treatment and placebo groups. Based on our simulation, the former on average resulted in
less gain in power than the latter; however, the latter tends to overshoot the final sample

size, leading to recruitment of a much larger number of subjects than necessary.

For a longitudinal study, longer trials lead to more power for an effective
treatment. However, our simulation indicated little difference in power between 18
months and 24 months trials after SSR. One explanation is that the relatively small
treatment effect was not enough to overcome the heterogeneity and inconsistency in
ADAS-Cog within a 6-month frame of time. This would also explain the lack of
differences between SSR at 6 months and 12 months. An alternative would be to measure
more frequently, e.g. every 3 months, and use more measurements at the interim analysis

to estimate the variance or the effect size.
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Perhaps the most interesting result of this study is that when the sample size per
arm is larger than 200, SSR generates no major advantages over the typical design
because the typical design itself already offers adequate power. This is in contrast to the
results of many finished clinical trials with equally large or even larger sample sizes [3,
4]. The reason for this difference may be that, in our analysis, a moderate effect size was
assumed to exist at each measurement and persist from the beginning to the end of each
simulated trial (Tables 2 and 3). This difference might indicate that if a moderate clinical
meaningful treatment effect indeed persists and can be reflected in the change of ADAS-
Cog, it probably won’t take a very large sample to detect it. However, in reality, large
degree of uncertainty in the effect size or the variance prevents efficient trials with

relatively small sample sizes.

Table 2. The average change in ADAS-Cog from baseline by groups and the average
difference between the two groups at each visit after the added treatment effect for
sample size 50 per arm based on the SL trial

Added | Gioins | m1 | m3 | me | m9 | mi2 | mi5 | mis | m21 | mo2a
effect size

Placebo | -0.68 | 0.35 | 1.8 | 3.34 | 5.36 | 7.05 | 862 | 947 | 11.29
25 [ Treatment | -1.35 | -0.5 | 0.95 | 2.00 | 3.94 | 5.23 | 6.63 | 7.28 | 8.9
Difference | 0.67 | 0.86 | 0.85 | 1.33 | 1.42 | 1.82 | 1.99 | 2.19 | 2.38
Placebo | -0.49 | 0.56 | 1.85 | 3.60 | 5.77 | 7.08 | 8.69 | 9.62 | 1152
15 | Treatment | -1.1 | -058 | 0.88 | 2.54 | 447 | 6.14 | 7.52 | 7.81 | 9.9

Difference | 0.60 | 1.15 | 096 [ 115 ] 1.3 [ 095 | 1.175 ] 1.815| 1.63

Table 3. The average change in ADAS-Cog from baseline by groups and the average
difference between the two groups at each visit after the added treatment effect for
sample size 50 per arm based on the HC trial

Adde(_j Group m3 mé6 | m9 | ml2 | m15 | m18
effect size
Placebo | 1.28 | 1.44 | 3.03 | 4.25 | 5.54 | 6.34
.25 Treatment | -0.18 | 04 | 1.1 | 272 | 44 | 447
Difference | 1.46 | 1.03 | 1.93 | 1.53 | 1.14 | 1.87
Placebo | 1.21 | 141|228 |3.17 | 479 | 544
15 Treatment | 0.63 | 1.04 | 1.66 | 292 | 4.7 | 5.28

Difference | 0.58 | 0.38 | 0.62 | 0.25 | 0.08 | 0.17

31



Although our analysis demonstrates the effectiveness of SSR for relatively small
initial sample sizes, there are some limitations that must be considered. First, the gain in
power after SSR depends on the initial sample sizes. Though we have recommended
SSR for trials with initial sample sizes less than 200 per arm, the optimum pre-trial
sample size was not determined. Second, the possible impact of the recruitment rate on
the time of SSR has not been investigated. Very fast recruitment rates mean that at the
interim analysis, most or even all of the subjects have been enrolled, and it might not be
necessary to conduct SSR given a relatively larger initial sample size, e.g. larger than 200
per arm. However, considering failures in completed clinical trials in AD with large
sample sizes, SSR can still be used to determine whether to stop larger trials early for
futility, or whether to increase the number of longitudinal measurements instead of the
number of recruits [19]. Third, unique features of longitudinal trials might be
incorporated in SSR in the future. For example, when the recruitment period is shorter
than the trial duration, the interim analysis may not contain any complete data. In
addition, as the variances of the outcome increase over time, the estimate of the variance
at the interim analysis may underestimate the variance of the later time points. Research
to address these questions is in progress. Fourth, the flexibility to recruit additional
subjects and the gain in power after SSR introduces added complexity of logistics,

masking, telegraphy of results, and statistical analysis.

CONCLUSIONS
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The SSR adaptive design can be effective for AD and MCI trials with small to
medium initial sample sizes. It can not only lead to significant gains in power, but also
avoid the exposure of a large number of patients to ineffective treatment by starting the
trial with a relatively small initial sample size and stopping the trial early for futility.
Considering the need to identify effective treatments, the continuous increase in sample
size for AD trials, and the difficulty in estimating pre-trial treatment effects, the SSR
adaptive design can be a superior alternative to the typical randomized, placebo-

controlled, parallel-group design.
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1 INTRODUCTION

The number of individuals with AD continues to grow worldwide with the aging
of the population [1]. Although a handful of modestly effective symptomatic treatments
have been developed using the typical randomized clinical trial (RCT) design, clinical
trials to identify effective disease-modifying treatments to slow the progression of AD
have been uniformly negative [2-4]. There are several potential causes of these negative
trials, including the lack of efficacy in the treatments, insensitivity of the primary
outcome to treatment changes, and low power due to the inaccurate pre-trial estimates of
the treatment effect. Therefore, clinical trial designs which allow interim analyses and
resultant modification of the ongoing trial to increase or adjust power, such as adaptive
designs, are recommended [5]. One such adaptive design is the sample size re-estimation
(SSR) adaptive design, which allows sample size adjustment based on the comparison
between the interim treatment effect (or the interim variance) to the pre-trial treatment

effect (or variance) [6].

For longitudinal data, SSR can be conducted based on a single measurement of
the primary outcome. For example, the variance of ADAS-Cog at 6 months can be
estimated at the interim analysis and then compared to the pre-trial variance, and the ratio
of these two will determine the necessity of sample size adjustment (Figure 1). This
method can be problematic for at least two reasons: 1) the estimated variance at the
interim analysis likely underestimates the variance of the primary outcome at the end of
the study since it has been observed that the variance of the longitudinal outcome
increases over time [3]; 2) it does not take advantage of the other available measurements
at the interim analysis.
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Figure 1. SSR based on a single measurement at 6 months of the primary outcome in a
longitudinal study

Alternatively, SSR can also be conducted based on the rate of change of the
longitudinal measurements. For example, the variance of the rate of change in ADAS-
Cog scores can be estimated at the interim analysis using all the available measurements,
and then compared to the pre-trial estimate so that the decision as to whether or not adjust
the sample can be made (Figure 2). This method uses all the available measurements at
the interim analysis, and its accuracy is not affected by the increasing variance of the

primary outcome provided that the model used is correct.
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Figure 2. SSR based on the rate of change of the primary outcome in a longitudinal study
The application of SSR based on a single measurement in AD showed that it can
increase the power effectively; however, the gain in power varied remarkably due to the
poor estimates of the interim effect size and/or the interim variance since only a single
measurement was used. This paper examined the advantages of using all the available
measurements at the interim analysis in performing SSR based on the rate of change in
longitudinal data, which is expected to yield estimates with more accuracy and less

variation, using simulations derived from real patient data.
2 METHODS
2.1 Study Overview

Participants for the simulations were drawn from two clinical trials: the vitamins
B (HC) using its duration of 18 months, and the selegiline/vitamin E (SL) with duration
of 24 months, as well as the pooled data of HC and SL. Clinical assessments were done at
3-month intervals with the exception of 1*-month assessments for SL trial (Table 1).

These two trials were chosen from the meta-database because of their longer duration and
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more frequent and regular measurements. Patients with missing measurements of 3 or
more in the last 5 measurements were excluded in order to avoid heavily underestimated
rates of change due to the use of the last observation carry forward (LOCF) imputation

method. Since the results are based on simulations, this restriction was not seen as very

important despite the potential for informative censoring. After the exclusion, 136

patients from the SL trial (136/341 =40%) and 335 patients from the HC trial

(335/459=73%) were selected for simulation.

Table 1. The assessment schedule and the estimates of the pre-trial between-subject and

within-subject variances based on the chosen AD clinical trials

. Time of clinical . I_ES:.15 . I.ESZ'ZS
Trials assessments (months) (within/between) | (within/between)

SS=100 SS=100
ADNI 0,6,12,24 12.6(1.1)/14.6(3.0) | 13.1(1.1)/15.5(2.9)
DHA 0,6,12,18 12.6(1.0)/18.7(3.4) | 13.3(1.1)/18.7(3.3)
ES 0,2,6,12,15 8.6(0.7)/23.4(3.3) | 8.9(0.7)/23.9(3.2)
HC 0,3,6,9, 12,15, 18 14.3(1.2)/16.0(2.8) | 15.0(1.2)/16.0(2.8)
LL 0,3,6, 12,18, 20 14.4(0.8)/17.0(3.3) | 15.1(1.0)/17.6(3.4)
PR 0,1,2,7,12,17 8.2(0.7)/17.4(2.1) | 8.6(0.7)/17.9(2.1)
SL (0,1,3,6,9,12,15, 18, 21, 24 | 10.9(0.6)/10.5(1.4) | 11.4(0.7)/10.6(1.3)
Mean of the means Mean: 11.6/16.8 Mean: 12.2/17.1

Abbreviations: SS, sample size; ES, effect size; within, the within-subject variance which

is the variability of ADAS-cog measurements over time; between, the between-subject
variance which is the variability of the patient-specific slopes

The separate and then combined use of data from the two trials with same

measurement spacing provided the opportunity to compare the effect of SSR over

different trials and durations, and to evaluate the reliability of the pre-trial variances

estimated from all of the available clinical trials in our meta-database. The primary

outcome chosen for simulation was the ADAS-cog, which evaluates memory, reasoning,

orientation, praxis, language, and word finding difficulty, and is scored from 0 to 70
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errors [7]. The baseline characteristics of all the clinical trials in the meta-database were

shown in Table 2.

Table 2. The baseline characteristics of all the AD clinical trials in the meta-database

Stud N | Age Education *Gender *Race *Marital Status | **Baseline
y 9 (years) (M/F)(%) (Non White/White) (Y/N)(%) ADAS-Cog
180 229 104 355 293 166 22.7
HC | 459 | 76(8) | 140) | 4a0) | 56.0) | (227)| (77.3)] (638) | (36.2) | (8.8)
119 222 40 301 250 91 30.7

SL [341]73@8)| 12(3)

(34.9) | (65.1) | (11.7)| (88.3) | (73.3) | (26.7) |  (9.6)

* The percentages of different categories are significantly differently between the studies
(p<.0001) based on the chi-square test.

**The means of the baseline ADAS-Cog scores are significantly different among the
studies even after adjustment for age and education (p<.0001) based on the general linear
model.

2.2 Estimate of the Pre-trial VVariances

For each clinical trial in the meta-database, 100 clinical trials of sample size 100
were simulated, and the within-subject and between-subject variances were estimated and
averaged accordingly. The mean of all the means of those clinical trials were considered
as the pre-trial within-subject and between-subject variances in the simulation study

(Table 1).

2.3 Simulation Principles and Parameters

Simulations were conducted under a detailed protocol [8], similar to our
previously published approach [9, 10], to reflect clinical trials for an experimental drug
for AD or MCI with one treatment group and one placebo group, and parameters for the
distribution of ADAS-Cog selected to be consistent with previously published trials and

ADNI [11, 12]. Parameters used to simulate the clinical trials are shown in Table 3.
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Table 3. Parameters used in the simulation

Parameters Scenarios
Data source (duration)* HC (18), SL (24) and the pooled (18)
Primary outcome ADAS-Cog
Trial duration** 15/(6, 9)/18, 18/(6, 9, 12)/24
Initial sample size per arm 50, 100, 200
Effect size 0.15, 0.25
Random error in placebo groups | N(0,1)
Treatment effect x?
Allocation ratio 1:1
Time of SSR 6 months, 9 months, and 12 months
Pre-trial variances Average of 7 trials (Table 1)
Interim variance estimate The pooled-sample-variance with adjustment

*The pooled data of HC and SL are used to increase variability in the outcome over time
**15/(6, 9)/18 means that the HC trial is truncated so that trials of 15 months are
simulated, SSR at 6 months and 9 months are conducted, and if warranted, the duration
simulated trials can be extended to 18 months.

2.4 Duration of the Simulated Trials and the Time of SSR

In order to allow for an extension in time over the initial duration of the trial after
SSR, trials with initial duration 15 months were simulated based on HC trial and the
pooled of HC and SL trials. A single SSR was conducted at 6 months and 9 months, and
the initial duration was then extended to 18 months if warranted. Trials of initial duration
of 18 months were simulated based on SL trial. A single SSR was done at 6 months, 9

months, or 12 months, the initial duration was extended to 24 month if warranted.

2.5 The Placebo Group and the Treatment Group

For each scenario, a separate set of patients was constructed by randomly
choosing from the meta-database with replacement, i.e., patients from the dataset could
be present in the simulated groups more than once in the same or different treatment

groups, but were perturbed with random components, thus lessening the correlations due
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to sampling with replacement. The placebo group outcome was the score for the subject
at the specified time point in the meta-database, with random error added to minimize ties
in the outcome and thus making even the same patient if selected again slightly different.
For each subject in the treatment group, effect sizes of 0.15 and 0.25 were used to
compute expected treatment results representing treatment effects of small to medium
size. The individual treatment effect was randomly generated from a y? distribution with
a mean equal to the expected treatment effect (effect size times pooled standard deviation)
to allow for a more realistic distribution of declines over time, where a few patients may
fail or worsen more markedly than would be predicted by a normal distribution. As
higher scores on the ADAS-cog reflect poorer performance, the individual treatment
effect was shifted by subtracting two times the expected treatment effect, then adding the
resultant to the patient’s score at the specified time point in the database. For example, if
a is the ADAS-Cog score at a given time point in the database, then a + y2 — 2 * z, is
the corresponding score in the simulated treatment group, where z = ef fect size * sd
and sd is the sample standard deviation of the change in ADAS-Cog from baseline.
Assume a = 24, effect size is 0.25, sd is 8, and the randomly generated treatment effect
from the y2 is 3, then the ADAS-Cog score used in the simulation would be 24 + 3 —
2*0.25*8=23. While a patient may be reused in the analysis, the actual value used
would be modified by this randomly selected amount, hence making it slightly different.
The resultant mean differences at each time point between the treatment group and the
placebo group after the added treatment effect were shown in table 4 and table 5. The
difference between the two groups continued to increase over time, although they are

quite variable.
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Table 4. The average change in ADAS-Cog from baseline by treatment groups and the
average difference between the two groups at each visit after the added treatment effect
for sample size 50 per arm based on the SL trial

Added

. Groups *ml | m3 m6 | m9 | ml2 | ml5 | ml8 | m21 | m24
effect size

Placebo | -0.68 | 0.35 | 1.8 | 3.34 | 5.36 | 7.05 | 8.62 | 9.47 | 11.29
0.25 | Treatment | -1.35 | -0.5 | 0.95 | 2.00 | 3.94 | 5.23 | 6.63 | 7.28 | 8.9
Difference | 0.67 | 0.86 | 0.85 | 1.33 | 1.42 | 1.82 | 1.99 | 2.19 | 2.38
Placebo | -0.49 | 0.56 | 1.85 | 3.69 | 5.77 | 7.08 | 8.69 | 9.62 | 11.52
0.15 | Treatment | -1.1 | -0.58 | 0.88 | 2.54 | 4.47 | 6.14 | 7.52 | 7.81 | 9.9
Difference | 0.60 | 1.15 | 0.96 | 1.15 | 1.3 | 0.95 | 1.175 | 1.815 | 1.63
*m1 represents that the measurement was taken after the first month, and so on

Table 5. The average change in ADAS-Cog from baseline by treatment groups and the
average difference between the two groups at each visit after the added treatment effect
for sample size 50 per arm based on the HC trial

Added

- Group m3 m6 | m9 | ml2 | m15 | m18
effect size

Placebo 128 | 1.44 | 3.03 | 425 | 5.54 | 6.34
0.25 Treatment | -0.18 | 0.4 | 1.1 | 2.72 | 44 | 4.47
Difference | 1.46 | 1.03 | 1.93 | 1.53 | 1.14 | 1.87

Placebo 121 | 141|228 | 3.17 | 479 | 5.44
0.15 Treatment | 0.63 | 1.04 | 1.66 | 2.92 | 4.7 | 5.28
Difference | 0.58 | 0.38 | 0.62 | 0.25 | 0.08 | 0.17

2.6 SSR Method

Clinical trials for AD are generally longitudinal studies in which each patient is
followed over a period of time and is repeatedly measured multiple times with even or
uneven spacing, leading to a series of measurements in chronological order. For these
longitudinal data, the rate of change has been used as a key response or outcome variable
[13-15]. The rate of change can be obtained through the following model which was
recommended by Aisen [2] and was reproduced based on a paper by Shih [13]. Let y;
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be the k" measurement for the j* patient in the i* group, i = 1,2; j = 1, ...n, assuming
equal allocation in both groups; k = 1, ... m, assuming the same number of measurements
for each patient. The outcome measurements y; . at time t;;, can be related to a patient-
specific intercept a;; and a patient-specific slope g;; through the following linear

regression model:

Yijie = aij + Bij(tije — &) + €ijis
tijk

where, t;; = ﬁ;l?. The error term ;. is assumed to be independently and identically

distributed (i.i.d) as N(0,7?). In order to facilitate comparison of slopes of the two
treatment groups, the patient-specific slope is expressed as the sum of the fixed treatment

effect g; of group i and a random patient effect ¢,
Bij = Bi + €ij,

where, the random effect term ¢;; is i.i.d as N(0,0?). Here v and o are referred to as

the within-subject measurement error variance and the between-subject variance,

respectively.

The null and alternative hypotheses to test the treatment effect are:
Hy: By = B2, Hy: By # Ba-

The statistic for testing H, based on the least-square estimate f; ; of B is the F statistic:

F = ?:1 n( Ei._ B..)Z
7, 201 (Bij—Bi)?/(2n-2) "’
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where Ei. — 2jBij and E _ BitPa

n '’ 2

Under H,, F follows a non-central F distribution with (1, 2n — 2) degrees of freedom

and non-centrality parameter

né? né?

2 (02 + %) " 2war(By)

Q=

where K = Y74, (tijx — ;)% and § = B, — B, refers to the minimal clinically
meaningful (important) difference. The power of a non-central F distribution is a
monotonically increasing function of Q. To preserve the power of the test, we keep the
non-centrality parameter unchanged. Let 3 and o2 denote the pre-trial estimate of 72
and a2, respectively. Suppose that at the interim analysis with n, patients per arm, who
completed my (< m) of the m measurements, the estimates of 72 and a2 are 7 and o?.

Then in order to preserve the power, we require:

This implies that we may need to adjust either or both n and K. If the sample size n is to
be changed, and K, the number of measurements is to be unchanged, we increase the

sample size and retain the duration of the trial, then

n(K o? + %)
A=— (1)
Kog + 15

If n is to be unchanged, and K is to be changed, meaning to retain the same sample size
but increase the duration of the trial, then
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2.7 Estimates of the Within-subject and Between-subject Variances at the Interim

Analysis

Let N = 2n denote the total numbers of patients in the two groups. The estimates of

patient-specific intercepts and slopes using the least-square method can be shown to be:
@;; =m X Yijk = Vij,
Bij = K It (vijie — ij.) (bije — Gij)-

Then the within-subject measurement variance is estimated by

22 = Yiey X ijie—i—Bij(tiji—tij)}a
l N(m-2) '

The between-subject variance was estimated using a method similar to Lefante’s [16]
assuming that the two groups have equal variances. First, we estimate the grand mean

slope,
B.=NXi X0, B

Then the between-subject variance and the within-subject variance are related by

equating the measures of variability to their expectation,
E[(N -1 Zi2=1 2?:1 K(Bij - B)Z] =1+ UZ/K-

That leads to the estimate of
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51'2 =(N-11 Zi2=1 Z?:l(ﬁij - G..)Z %

p
This estimate of the between-subject variance is biased [17], and overestimates the true

2
variance and thus needs to be adjusted by % = (B; — B2)? leading to the unbiased
~ 72 2 ] .
estimate of 0% tobe 62 = (N — )™ X2, 370, (Bi; — iD)* — %‘ — %. Once the interim

variances are obtained, using formulae (1) and (2), either n and/or K can be re-estimated.
2.8 Estimate of the Drug Effect 6 = 3, — B3,

No estimate of the difference in mean slopes § has been provided by the results of any
recent AD clinical trials, however, a 40% reduction from the placebo group has been
recommended as the minimal clinically meaningful drug effect [18]. Assuming a 40%

reduction in the mean slope (B,) of the placebo group, then the mean slope of the
treatment group is 3, = 0.6f3,. When both groups have the same number of patients, the

overall mean slope can be calculated as
B, +B
B.. = 12 ‘= 0'8[31’
which implies
6 =04, =058 .
Thus the estimate of 6 is

2 n i
" Zi=1 2]':1 ﬁij

on
I

e

Ul
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3 RESULTS

There exists significant variation among the different AD clinical trials in baseline
characteristics such as gender, marital status, race, and baseline ADAS-Cog score.
Clinical trial SL had the most severe patients on entry and this may explain the heavy
losses to follow-up allowing us to utilize only 40% of the data, which if true would
underestimate the true slopes. HC had the least severe patients in terms of baseline
ADAS-Cog score (Table 2). The within-subject variance increased slightly, while the
between-subject variance decreased remarkably, when the number of measurements used
to estimate the slope increased (Table 6). However, the estimates of the mean slopes were
stable over the increase of 3 or less measurements used in the estimation. The assumption
of equal variances including the equal within-subject variance, the equal between-subject
variance, and the equal total variance is satisfied based on the estimates of the pooled
data; and this assumption is independent of the measurement spacing and the total

number of measurements (Table 7).

Table 6. The stability in the estimates of the within-subject and between-subject
variances over the numbers of measurements used

. Time of measurements (WlthlnIBetween)
Trials (months) Effect Size=.25

SS=100
0, 3,6,9,12 14.0/17.2
HC 0,3,6,9,12,15 14.8/13.0
0, 3,6,9,12,15,18 14.9/16.4
0,1,3,6,9,12 9.5/19.2
SL 0,1,3,6,9,12,15,18 10.2/15.0
0,1,3,6,9,12,15,18,21,24 11.4/10.3
The pool of 0,3,6,9,12 12.9/18.5
HC and SL 0,3,6,9,12,15 13.7/14.0
0, 3,6,9,12,15,18 13.7/15.9
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Table 7. The estimates of the between-subject variances, the within-subject variances,
and the total variances of the patient-specific slopes for trials in the meta-database with
sample sizes 100 per arm and effect size 0.25

Trials Time of Variances(between/within/total)
measurement
Placebo Treatment
ES 0,2,6,12,15 23.7/9.7/31.3 | 24.2/8.2/32.3
HC 0-18 by 3 16.9/13.8/24.8 | 16.6/16.1/25.8

LL |0,3,6,12, 18,20 | 18.5/13.7/24.6 | 18.6/16.4/25.7
PR | 0,1,2,7,12,17 | 18.8/7.8/24.0 | 18.5/9.5/24.1
SL -24 by 3 12.6/10.3/14.9 | 12.3/12.5/15.1

When trials were simulated based on HC data and the pooling of both HC and SL
data with an initial duration of 15 months, the use of SSR at 12 months with an extension
of the duration to 18 months if warranted, the gain in power was greater for adjustments
to the sample size than for adjustments in the number of measurements. When only the
single study SL was used with an initial duration of 18 months, the use of SSR at 12
months with an extension of the duration to 24 months if warranted, the gain in power for
the former was less than for the latter (Figure 3). When an increase in the sample size was
required, the number of extra samples needed does not depend on the initial trials used

for the simulation as long as the time of SSR remained the same (Figure 4).
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Figure 3. Power comparison before and after sample size adjustment. Initial duration: 15
months, Extension of duration: 18 months, SSR at: 12 months, Interim SSR sample size:
50 per arm, Sample size per arm: 50, Effect size: 0.25, pre-trial variances: 10 and 10 for
SL, 11 and 16(between) for HC and HC-SL, NM: number of measurements
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Figure 4. The increase in sample size after SSR at 12 months for trials simulated based on
different initial trials, for HC or HC-SL trials: initial duration of 15 months and an
extension to 18 month; for SL only trials: initial duration of 18 months and an extension
to 24 month

Varying the time of SSR did not significantly affect the gain in power (Figure 5),

however, it did result in large differences in the frequency of different types of

52



adjustment (Figure 6). For trials simulated based on the SL study, SSR at a later time was
more likely to lead to adjustments in both the sample size and/or the number of
measurements than SSR at an earlier time. When an increase in sample size occurred, the
former on average required less extra samples. Similar results were obtained when trials
were simulated based on the HC data with an initial duration of 15 months, SSR at 9
months and 12 months, and pre-trial within- and between-subject variances 11 and 16,
except that SSR at 9 months actually resulted into more frequent increases in sample size

than at 12 months.

0.8

0.6

Power

0.4

0.2

0.0~
At 6 months At 8 months At 12 months

The time of SSR

The type of adjustment B Initial @ S5 B NM
Figure 5. The gain in power after SSR at different time based on SL. Initial duration: 18

months, Extension of duration: 24 months, Interim SSR sample size: 50, SS per arm: 50,
Effect size: 0.25, pre-trial variances: 10 and 10

53



1.0

0.8

0.6

0.4

02 I
0.0 I

At 6 months At 9 months At 12 months
The time of SSR

Percentage of different types of adjustment

Type of 5S adjustment W S5 W NM
Figure 6. The percentage of different types of adjustment by the time of SSR based on SL.

Initial duration: 18 months, Extension of duration: 24 months, Interim SSR sample size:
50, SS per arm: 50, Effect size: 0.25, pre-trial variances: 10 and 10

4 DISCUSSIONS

The application of the SSR adaptive design in AD has evolved as an option to
insulate against poor or uninformed planning and may become necessary due to the
dominant portion of negative trials with large sample sizes and long durations. If SSR is
to be done, this paper extends our previous work to the longitudinal trials when the
patient-specific slopes are the key response. The two-stage random effect model was used
to allow the estimation of the within-subject and the between-subject variances of the
slopes [19]. Both variances were blinded estimated at the interim analysis sparing the

Type | error, but allowing for effective increases in sample size or duration.

Based on our study, the SSR based on the rate of change can be effective. It not

only increases the power, but also helps to determine the type of sample adjustment. Our
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simulation results show that although the SSR can lead to either increase in the sample
size or in the number of measurements, the frequency of adjustments falls to increase the
sample size is rather higher than that to increase the number of measurements provided
the timing of SSR is the same. This is a useful result because the logistics of extending
the duration of a trial in terms of adding measurements is far more complicated than
adding sample size. This result can be explained by the larger between-subject variances
in the pooled trials compared to the within-subject variances and would likely hold in
general. Given the same time of SSR, the adjustment in sample size generally leads to
slightly more gains in power than that in the number of measurements when the latter
only requires an increase of 2 or fewer measurements which would translate to 6 months

of trial time even with these minimal increases.

The time of SSR significantly affects the frequency of different types of sample
adjustments, particularly the adjustment in the number of measurements. It is interesting
that the later the SSR, the more likely the sample adjustment. This result is due to the
increase of both the between-subject and the within-subject variances over the increased
number of measurements used in the estimation. It also explained why the SSR at a later
time requires more extra samples if the sample size to be increased. Therefore, the time
of SSR is crucial. The simulation results show that given the number of measurements,
the estimates of the slopes and their variances become reasonably stable when the sample
size is over 50; on the other hand, given the sample size, the estimates become reasonably
stable over 5 or more measurements, which is equivalent to a 12 months trial with one

measurement every 3 months. These results were also observed by Shih, et al. [13].
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The results obtained in our simulation are very similar regardless of the original
data used for the simulation, meaning that not only the SSR method does behave
consistently across trials, but also it is safe to use the data of previous trials given that
trials employed the same measurement schedule. In addition, the results are also
consistent over different treatment effect sizes; particularly, in our simulation, small (.15)

to moderate (.25) effect sizes were used.

Despite the effectiveness of SSR for different types of trials, there are some
limitations in this study. First, the outcomes of the SSR depends on the pre-trial estimates
of the corresponding variances, and how to use the pooled data to get these estimates
when the data are not all equally spaced, needs further investigation. Second, the
simulation results are based on only two trials with the same measurement schedule (one
measurement every 3 months), and they might not be applicable to trials with different
measurement schedule. Third, the LOCF imputation method may underestimate the
progression rate if missing values are consecutive and are in the end of the study; in
addition, missing data usually decrease the power of tests when the key response is the
rate of change in the longitudinal data. However, the magnitude of this negative impact
has not been investigated [20]. Fourth, although the method to add a treatment effect in
this study resulted in a group difference in ADAS-Cog comparable to the existing results,
our method also generated a group difference in the early and middle stage of the trial
[21]. This consistent group difference in ADAS-Cog scores may or may not reflect what
would happen in a real trial. Thus, these results need to be verified through a real trial.

In this study, the SSR is based on the variances of the slopes where the slopes are

directly estimated for each patient; an alternative is to conduct the SSR based on the
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variance of the interaction coefficient between the treatment and time using generalized

estimating equation (GEE) method discussed by Jung [22].
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1 INTRODUCTION

The number of individuals with AD continues to grow worldwide with the aging
of the population [1]. Although a handful of modestly effective symptomatic treatments
have been developed using the typical randomized clinical trial (RCT) design, clinical
trials to identify effective disease-modifying treatments to slow the progression of AD
have been uniformly negative [2-4]. Without any effective treatments to slow down the
progression or delay the onset of AD, as many as 7.1 million people in the United States
are estimated to live with AD [5]. Disease-modifying treatments should not only
ameliorate the symptoms of AD, but also be able to affect the underlying pathology of the
disease [6]. However, the disease-modifying effect may not be distinguished from the
symptomatic effect using the typical parallel-group design [7]. In order to facilitate the
detection of disease-modifying treatments, a number of novel clinical designs have been
proposed as the alternative to the standard RCT. One of them is the delayed-start (DS)
design (also referred to as the randomized-start design). In the DS design, patients are
randomly assigned to placebo or treatment for a pre-specified period of time and then
those (or a randomized portion of those) in the placebo group are given the treatment. If
patients who are on the treatment from the beginning of the study have similar outcomes
to those who received the treatment later, the treatment effect, if any, is considered

symptomatic, but not disease-modifying [6, 7].
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The DS design has been used in at least one study for Parkinson’s disease.
Despite the inconclusiveness of the Parkinson’s disease study to declare the disease-
modifying effect of the tested treatment; it has attracted extensive interest among AD
researchers, leading to various proposals to exploit its application in AD [8-12].
Depending on whether or not all the patients in the placebo group receive the treatment at

the later stage of the study, the DS design yields two main patterns (Figure 1).

The constant-treatment group
° ? ® @ ) 9 ° ] @ The constant-treatment group

The constant-placebo group
o ) @ ] @

The treatment-switch group

o ° ] °
The treatment-switch group e ° e ¢ ° ° e o ¢
]

) e o °
The delayed-start design with 3 groups The delayed-start design with 2 groups

Figure 1. The two main ramifications of the DS design

The one on the left starts with two groups: a treatment group and a placebo group.
During the first period of the study, when the goal is to demonstrate the symptomatic
effect of the drug, patients are randomly assigned to either receive the drug or the placebo.
In the second period of the study, in order to maintain the blinding, a second
randomization is performed with the initial placebo group, so that a proportion of the
patients would receive the drug and the other would remain on placebo throughout the
study [10]. Thus, at the end of the study, there are, in fact, three groups: the constant-
treatment group, the constant-placebo group, and the treatment-switch group. The three
groups consist of four subsets of patients: those in the constant-treatment group
(henceforth referred as the treatment group), those in the constant-placebo group
(henceforth referred as the placebo group), those on placebo in the treatment-switch

group (henceforth referred as the before-treatment-switch (BTS) group), and those on

63



treatment in the treatment-switch group (henceforth referred as the after-treatment-switch
(ATS) group). The one on the right also starts with the treatment group and the placebo
group. However, after the first period of study, all the patients who are initially on
placebo would receive the active treatment [8, 9, 11]. The latter design eventually has
only two groups (the constant-treatment group and the treatment-switch group) including
three subgroups of patients: those in the constant-treatment group, those on placebo in the
treatment-switch group, and those on treatment in the treatment-switch group. The two-
group design might be preferred in that all the patients on placebo eventually receive the
treatment under test. However, because of the lack of effective disease-modifying
treatments, putting patients on placebo is still a common practice in the ongoing trials for
AD [13] and should yield smaller sample sizes than the active comparative trials. In

addition, a placebo group can avoid the risk of bias caused by unblinding.

However, due to the complexity in determining the crucial design parameters such
as the sample size allocation ratio in different treatment groups for the three- group DS
design, the optimal time of treatment switch, the length of the BTS period, the test
statistic, and the power for given sample sizes; the DS design has not been successfully

applied in any AD clinical trial to detect disease-modifying treatments [7].

In this study, we extend the investigation of the three- group DS design which
was first studied by Xiong [10]. We first provide results as to the sample size allocation
ratio among the 3 different groups, the time of treatment switch, the correlation between
the primary outcome in the BTS group and the ATS group, and the optimal weight to be

used in the final test statistic. We then simulate trials of different durations to compare
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the power of the DS design with the typical parallel-group design based on simulated data

and on real patient data.

2 METHOD

2.1 Study Overview

This study aimed to improve and propose the design parameters of the DS design
and to use simulations based on simulated data and on real patient data to investigate the
behavior of the DS design in AD. Data from a meta-database consisting of 5 completed
clinical trials (ES, HC, LL, PR, and SL) were used. The primary outcome was the ADAS-
cog, which evaluates memory, reasoning, orientation, praxis, language, and word finding
difficulty, and is scored from 0 to 70 errors [14]. The spacing of the clinical assessments

varied over different clinical trials.

2.2 The Statistical Model

Clinical trials for AD are generally longitudinal studies in which each patient is
followed over a long period of time and is repeatedly measured multiple times usually
(but not always) with even visit spacing, leading to a series of measurements in
chronological order. For these longitudinal data, the rate of change has been suggested as
a key response variable [15-17]. Assume that a linear model is appropriate to describe
the longitudinal data in both the treatment group and the placebo group, and then the
slope over time can be used to measure the rate of change. In addition, assume that the
start of the delayed treatment only delays the treatment effect, thus affecting the slope of
the longitudinal data. For each group, the rate of change can be evaluated through a two-
stage random effects model [18]. The following statistical model was based on papers by
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Xiong [10], Lefante [19], and Shih [15]. Let y; ;. be the k* measurement for the j*"
patient in the i*" group, i = t, p, b, and a with t representing the treatment group, p the
placebo group, b the BTS group, and a the ATS group; j = 1, ..., n;, meaning that each
treatment group may include different number of patients; k = 1, ..., m;, meaning that
patients in different groups may have different numbers of measurements. The outcome

measurements y; ;. at time ¢, can be related to a patient-specific intercept a;; and a

patient-specific slope g;; through the following generalized linear regression model:

Yijie = @ij + Bij(tiji — &) + €ijie

where, t;; = (2’,?;’1 tijk)/m;. The error term g, is independently and identically

distributed (i.i.d) with N(0,72). In order to compare the slopes of the two treatment
groups, the patient-specific slope is expressed as the sum of the fixed treatment effect g;

of group i and a random patient effect ¢,
Bij = Bi + €ij,

where, the random effect term ¢;; is i.i.d with N (0, o). Here 72 and o* are referred to as
the within-subject measurement error variance and between-subject variance,

respectively.

Assume that the treatment switch only affects the rate of change, then the rate of
change in the treatment group would be the same as that in the ATS group; and the rate of
change in the placebo group would be the same as that in the BTS group. Therefore, the
difference between the estimated mean rate of change of the treatment group and that of

the placebo group (i.e. B, — B;) is an unbiased estimator to the treatment effect (8, — B,);

66



Further, so is the estimated difference between that of the BTS group and that of ATS
group. The patient-specific slopes estimated using the least-square method can be shown

to be:
~ 1 m; _
Bij = K; Zk_l(yijk — ¥ ) (tijk — tij.)s
where K; = Z;"zil(tijk — t;;)?, is referred as the length and frequency of follow-up. Let

m, denote the measurement from which point a randomized portion of patients in the

placebo group start the treatment, which is the same for all patients. Let

m -—
Kb = Zk=01(tk - tb)zr
_ Mo ¢
£, = Z Lk
k=1Mg
m p—
K, = Z (tk - t.)z'
k=m0

Y
T Ligemym—my+ 1

Then the estimates of patient-specific slopes in the BTS group are
~ _1 (o _
Brj = Kp Zk_l(ijk — ;) (tojie — ),
and in the ATS group are
~ _1 m —_
.Baj =K, Z (yajk - yaj.)(tajk - ta)-
mo

The estimates of the patient-specific slopes are normally distributed with mean E( ;) =

2

- and variances var( B;;) = o? + =£. Moreover,
L l l K

7 = 2 ﬁij’

n
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22 Y Wijie — @ — Bij(tijie — £}

: n(m; —2) '
m;
du = ml_l k_lyijk Vijs
~2 1 " 23 n\2 flz
6 =Mm—-1)" z (Bij — By A
j=1 i

Because patients in the BTS and in the ATS group are the same, their patient-specific
slopes are correlated and we assume that (5, , 5,;) follows a bivariate normal
distribution with mean (8,, B,) and covariance matrix

var(Spj) p var(Bpj) var(Baj)
p var(Bpj) var(Baj) var(faj)

Let AB,_, = B, — B, denote the estimated treatment effect from the BTS group and the

ATS group, then

of = var(ABy_o) = var(By;) + var(Ba;) — 2cov(Bp;, Baj)-

Let the null hypothesis be Hy: 3, = By, and the alternative be H,: 8, — B, = d # 0, then
taking advantage of the two estimates of the treatment effect, the test statistic is the

combination of two unbiased estimators:

Te=c(Bp—B)+1-(Bp—Ba) (D
where 0 < ¢ < 1 is a constant weight. The variance of T, is

. ctvar(fy;) c*var(By;) (1—c)%a?
T, = + +
n ng Npa

: (2)

p
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where, n,, represents the sample size of the placebo group, n, represents the sample size
of the treatment group, and n,, represents the sample size of the BTS group and of the

ATS group.
2.3 Consideration in Conducting of a DS Trial

With the model specified by (1) and (2) above, we investigated the following
design parameters: 1) the sample size allocation ratio between the treatment group, the
placebo group and the treatment-switch group; 2) the time of the treatment switch in the
treatment-switch group; 3) the optimal weight c in the test statistic; 4) the estimate of the
correlation p between the slopes of the BTS group and those of the ATS group as well as
its impact on the test statistic; and 5) the assumption on the variances of the estimated
slopes in the four groups. In addition, we also compared the power of the DS design to

the typical design. In the following sections, we will address them one by one.
3 RESULTS
3.1 The Variance Assumptions

The assumption on the variances of the estimated slopes of the four groups is
crucial for determining some of the design parameters. Two different assumptions will be

considered in this study.
1) The variances of the estimated slopes of the four groups are equal:
Ulrzp = 01:21: = Girzb = Gtrza = Utrzotal'

2 2 2 2

T T T T
where, of, = o} + = ok = of + =, 02, = of + 2, and 02, =02 + 2,
14 t b a
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2) The variances of the estimated slopes of the treatment group and the placebo group are
equal; however, they are different from those of the BTS group and the ATS group,

which is
2 _ 2 2 _ 2
Otp = Ott # Otp = Otq-

The second assumption was proposed based on what was observed from trials in the
meta-database (Table 1). The table showed that the variance of the slopes decreases as
the number of measurements increase; and when the time of treatment switch is half way
through the trial, the variances of the BTS group and the ATS group are closest to each

other.

Table 1. The variances for each group by clinical trials with effect size 0.25 and sample
sizes 100 per group

Trial Time of OBS Variances(Between/within Overall variance
measurement Placebo | Treatment BTS ATS Placebo | Treatment | BTS | ATS
ES | 0,2,6,12,15 | 3/3 23.7/9.7 24.2/8.2 21.1/6.1 | 26.2/11.6 313 323 67.9 | 654
HC 036 3/5 16.9/13.8 | 16.6/16.1 | 21.7/11.7 | 21.6/15.9 24.8 25.8 107.2 | 47.7
HC 9 1é 15'18 4/4 16.9/13.9 | 16.3/16.1 | 29.4/11.7 | 39.4/14.5 24.9 255 66.7 85.7
HC e 5/3 | 16.6/13.8 | 16.4/16.1 | 18.2/12.3 | 56.1/13.7 245 25.6 37.8 | 1639
LL 0,3,6,12, 3/4 18.9/13.8 | 18.5/16.4 | 23.7/125 | 17.3/16.8 24.9 25.7 111.9 | 37.9
LL 18, 20 4/3 18.5/13.7 | 18.6/16.4 | 23.4/12.5 | 13.4/17.6 24.6 25.7 46.0 76.1
PR 0,1,2,7, 3/4 18.8/7.8 18.5/9.5 173.2/4.6 | 17.4/9.9 23.7 24.4 498.1 | 28.9
PR 12,17 413 19.2/7.8 18.5/9.5 36.2/5.2 | 25.6/9.3 24.0 24.3 62.0 | 52.4
SL 3/8 12.5/10.3 | 12.3/12.5 99.0/5.5 | 12.1/12.8 14.8 15.1 2675 | 17.0
SL 0,1,3,6, 417 12.6/10.3 | 12.4/12.5 26.3/6.5 | 12.7/12.8 14.9 15.1 70.5 20.0
SL 9,12, 15, 5/6 12.5/10.3 | 12.4/12.5 20.9/7.6 | 14.3/12.3 14.8 15.2 40.9 25.5
SL 18,21, 24 6/5 12.6/10.4 | 12.2/12.5 21.0/7.9 | 15.6/124 14.9 15.0 31.3 35.5
SL 7/4 12.6/10.3 | 12.3/12.5 18.1/8.3 | 28.7/11.3 14.9 15.1 24.2 64.4

3.2. The Sample Size Allocation Ratio between the Treatment Group, the Placebo Group,

and the Treatment-switch Group

First, we investigated the design parameters under the assumption of 62, = 04 = 0, =

2 _ 2
Ota = Ototal-
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(i) The allocation ratio for two independent and normally distributed samples with equal

variances

First, for simplicity, start with only two groups: the treatment group and the
placebo group. We want to determine the optimal sample size allocation so that the
variance of the test statistic will be minimized. Let N denote the total sample size, let ng
and n; denote the smaller and the larger sample sizes, respectively. Without loss of
generality, let ng = tn;, 0 < t < 1. When assuming equal variances, for a two-tail test,
the formula to calculate the sample size for type | error a and type Il error S given that
the test statistic follows a normal distribution with a difference § between the means, can

be derived based on Figure 2,

H[)Z,(Llf,uo:o leylfyozé
o~ -~

Critical
alue

0 1 4§
zl,a/ga\/% 8 —Yzl,gcr\/%

Figure 2. lllustration of sample size calculation for two-tailed test with equal variances

1 1 1 1
Z, a0 |[—+—=0—-7Zy p0 [ —+—.
2 ns nL nS nL

Solving the above equation for n;, we obtain
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thus, the total sample size is

2
2
(t+ 1) (Zl_g + Zl—ﬁ) o

N:ns+nL:nL(1+t): 62

(3)
Straightforward mathematical derivation shows that equation (3) reaches its minimum
when t = 1, indicating that given the total sample size and the pre-determined type | and
type 1l error rates, the equal sample size allocation minimizes the variance of the test

statistic, thus leading to maximal power.

(i) The allocation ratio for two independent and normally distributed samples with

unequal variances

When the variances are not equal, without loss of generality, we assume the
variance of one group is 2 and the variance of the other is ta2,0 < t < 1. Furthermore,
assume the sample means follow normal distributions, then the variance of § which is the

difference between the two sample means, is

o to ) 1 t
LA SR
n, N-—ng

where, n; represents the sample size corresponding to the larger variance and ng
represents the sample size corresponding to the smaller one.

In order to maximize the power, the samples need to be allocated in such a way to
minimize the variance of §. Straightforward mathematical calculation shows that the

variance is minimized when




Which has a limitn;, = %N, whent — 1. Thus

N. (5)

Thus, the allocation ratio is:

n,: ng = 1\/?

The ratio indicates that given the total sample size and the pre-determined type | and type
Il error rates, in order to maximize power, a larger portion of the samples need to be

assigned to the group with the larger variance as might be expected.

(iii) The allocation ratio for two independent and normally distributed samples with
unequal variances plus a weight 0 < ¢ < 1 such as

T =ci;+(1—-0)iy,

where, fi; and fi, are the sample means of two normally distributed samples with unequal
variance o2 and ta?,0 < t < 1. Again, let N denote the total sample size, let n; and n,

denote the sample sizes of the fi; group and the fi, group, respectively. Then

n, n;

2 2 24 2 2 2
2_ca+(1—c)ta _p2 c (1—c)t.
Tll N—Tl1

In order to obtain ¢ and n, so that ¢ is minimized, we take partial derivatives

with respect to each separately and then solve the following equations simultaneously:
¢c(N-n)—tny(1-¢c)=0, ()
t(l—c)*n? —c?(N—-ny)?=0. (i)
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From (i), we obtain

tn
CHomrm ©
and substituting (6) into (ii), yields
t—t?=0.
On the other hand, solving (ii) first, we obtain
N
n1:1+\/f*1_c’ (7)

c

then substituting (7) into (i), we obtain

t—+t=0.
The combination of (6) and (7) indicates that the minimal variance cannot be obtained
by solving ¢ and n, simultaneously using the partial derivatives. So we try it from

another perspective.

Rewrote

¢ (1-0)°%t o? [ c? 1—-0¢)%t
(2400 (2 o)
nqg N-—n N 1/N 1— 1/N

In order to reflect the real trial, we restrict ¢ € [0.2,0.8] and % € [0.2,0.8], meaning

reasonable samples and weights would be put into each group. Then we employ the
interior-point algorithm to solve the function iteratively for the minimum given t € (0, 1]
ort € [1, o) [20]. Part of the solutions is listed in table 2. Not surprisingly, the

minimums are achieved on the boundaries of ¢. That is because there are no critical
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points in the whole domain, meaning the minimums can only be achieved once

boundaries are set. The interior-point algorithm is carried out using Matlab.

Table 2. The combination of ¢ and the sample size allocation ratio to achieve the minimal
variance

02 102)]02|02(05|/08)08|08]08]08|]08] 08]08 0.8 0.8
0.36 | 0.28 | 0.24 | .22 | 05| 0.79 | 0.77 | 0.76 | 0.75 | 0.74 | 0.73 | 0.72 | 0.71 | 0.705 | 0.698
02 104 )06 |08]10] 12 ] 14| 16 | 18 2 22 | 24 | 26 2.8 3.0

r-r2|ﬁ3ﬁ

Although, the combinations yield the mathematical minimums, they are not
meaningful from the clinical trial standpoint. They basically require the information of ¢
first, and then use c to determine the sample size given the ratio between the variances.
However, in a real clinical trial, without knowing the sample size, the trial cannot be
carried out, thus resulting in no information of the variances, consequently, ¢ cannot be

determined. Therefore, these purely mathematical minimums are not applicable.

Thus, we decide to investigate the allocation from the clinical perspective,
meaning we first put certain restrictions on the variances and corresponding sample size
allocation ratios. When t € (0, 1], a2 > to?, thus based on our earlier arguments, it is
reasonable to allocation more samples (n,) to the group with larger variance o2 in order

to minimize the variance, meaning n, = n,, where, n, corresponds to the sample size of

ng

the group with the smaller variance to2. So, S

1
= Ewhere, N =ny + n,.

First, for any given c,o0 < ¢ < 1, assume that we have

c?0? > (1 —c)?to?,
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solving it for ¢, we obtain ¢ > 1% andc € L% 1) fort € (0, 1].

7

VE

Applying these results to formula (4),

1—-c
= = C\/EN— ¢ N (®)
ot 1—(1_2C)2t c+(1—-ont '’
c
with a Iimith, when ¢ - 11. That leads to
2 1+ﬁ
1-c (1-1¢)?
Voot (A-onE ©
n, =nNg = =
2T =02, ct+(1-ont
c

o . 2 1-c)%t .
Substituting both ng and n; into o (C— + 40 ) we obtain
ny N—-np,
o2 (ﬁ n (1—c)2t) _o? c? (1-c)?%t
n, N-n,/) N 1-25Ve 1—;Cﬁ—(1_§)2t
1—(1_C)2t (1—C)C2
2 1

=2 (e + = D) + (L = WE(e + (1 = WE))]

2 2
= %(c +(1-c)VE) = f(o).
Taking the first derivative of f(c) with respect to ¢, we obtain

2
df;i@ :2%@ (1 - VE)(1-1) >0,
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for any given c € L% 1> and t € (0,1]. f(c) is an increasing function of c, thus it

VE

1ji, which leads to n; = %N and

VE

achieves the minimum at the lower bound ¢ =

ng = %N. Therefore, the sample size allocation ratio is 1: 1. Notice that solving

2 —
—d];(cc) = 2%(0 + (1 —cWE)(1—+Vt) =0 forcgaveus ¢ = %_11 < 0, which is not in the

- 1
domain c € [—1 1).
1+\/f

On the other hand, if

yields
c?0? < (1 -0)%te? — c < (1 -,

. . . 1 1 1 1
which implies ¢ < e < p and I 5 when t = 1. We follow the above arguments
NG NG

and solve for n,, which is the sample size corresponding to c?2¢2, we obtain

2

c C
— T (1-0)%t c 1
(1-c)%t

which conflicts with % > %When t # 1. Therefore, this scenario is not appropriate from

the clinical perspective because it assigns more samples to the group with the smaller

variance.
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If t € [1,0), then 62 < to?, thus it is reasonable to allocate less sample (n;) to

the group with the smaller variance o2, meaning n, < n,, and n, corresponds to the

. . . 1
sample size of the group with the larger variance ta2. So, % <3 where, N = ny + n,.
First, for any given c,o0 < ¢ < 1, we assume

c?0? < (1 —c)?*to?,

Thencsl%,and 11 Z%With 11 =%whent=1.

+\/E 1+ﬁ 1+ﬁ

Applying formulas (4) and (5) with ng corresponding to the smaller variance and n; the

larger one, we obtain

2

c c
_ S (1-0)2t c
n5=n1=(1 OVt (2 ) N = N,
1€ _ (1—ot+c
(1—-c)%t
1 ¢
(1 -t (1-o)Vt
n,=n=——"—-N=—————
(1-c)%t
2 —_~2
Subsituting both ng and n; into o2 (C— + 49 t), we obtain
ns N—ng

( \

2 2 2 2
2(c* (1-c) t) _o° c (1-c)?t
g (TLL+ N—-np, - N ;_L + 1—; |
(1-ovt_(1-0)%t (1;02)‘/?/

2 S
R rEmrn Ta-oz

= % |(c(c+ = oVE)) + (1 = eWE(c + (1 = VD))
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2
=Z(c+A-oWD) 2 f(O.
Taking the first derivative of f(c) with respect to ¢, we obtain

YO 20 (1= owp)(1- VD) <0,

for any given c € <0, 1%] and t € [1,). That means f(c) is a decreasing function of c,
NG

thus it achieves the minimum at the upper bound ¢ = 1% which corresponds to n; =
vt

1

%N and ng = >N. Therefore, the sample size allocation ratio is 1: 1. Notice that solving

2 p—
dfd_(CC) = %(C +(1- C)\/?)(l - \/f) =0 forcgaveusc =5 11 < 0, which is not in the
I

. 1
domain c € (0—1]
1+\/_E

On the other hand, if

yields
c?0? > (1 —-c)%*te? — c = (1 -,

which means ¢ > - 11 > % and 11 =1 only when t = 1. Applying formulas (4) and

— — 2
+\/T 1+\/f

(5), solving for n,, we obtain
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which conflicts with % < %When t # 1. Therefore, this scenario is not appropriate from

the clinical perspective because it assigns fewer samples to the group with the larger

variance.

(iv) The optimal sample size allocation ratio and the optimal weight in the test statistic of

the DS design T, = ¢(B, — B:) + (1 — c)(By — Ba)-

In the DS design, the first part of the equation, the estimated difference ﬁp — B,
can be considered as the estimated mean difference between the treatment group and the
placebo group with equal variances, thus, the optimal allocation ratio is 1: 1. Under the
assumption of 62, = 02 = 0, = 04 = 0%ear, vVar(By; — Brj) = 20214, Because the
slopes in the BTS group and those in the ATS group were calculated based on
observations of the same patients, they are correlated. Assume the correlation is p, then
var(Byp; — Baj) = 2(1 — p)ofiar, thus t = 1 — p. The test statistic can be considered as
a sum of two estimated treatment effects from two samples with unequal variances. The
first sample is the estimated treatment effect from the treatment group and the placebo
group; and the second is the estimated treatment effect from the BTS group and the ATS
group. Assume the sample sizes of the treatment group, the placebo group, and the
treatment-switch group, are nq, n4, and n, respectively; in addition, assume n; + n, =

N.

Whenp < 0,t =1 — p < 1, the allocation ratio is
nygingin, = 1:1: 1.
Moreover, this allocation ratio also yields an optimal test when comparing the mean

slopes from the treatment group and the ATS group under the null hypothesis:
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Hy: Et - Ea =0,
and the alternative:
Hg: By — Ba # 0.
In sum, under the assumption of o2, = 6/ = 03, = 04 = 0/,q;, the optimal
sample size allocation ratio for the test statistic T, = c(B, — B;) + (1 — c)(Bp — Ba). is

1:1:1.
3.3 The Time of Treatment Switch in the Treatment-switch Group

The time of treatment switch affects the variances in both the BTS group and the
ATS group; and it should be chosen to minimize var(f,; — B4;) in order to achieve
maximal power given the same sample size. It has been shown that the optimal switch
point is the middle one if the measurements are evenly spaced and the total number of
measurements is odd; and the optimal switch point is either one of the middle two
measurements if the measurements are evenly spaced and the total number of

measurements is even [10] (Figure 3).

The point to switch

(] o Q9 @ ] @ @ @
e —

Either of these two

Figure 3. lllustration of the time of treatment switch derived theoretically by Xiong

We estimated the variances of the two groups varying the number of
measurements in each group, and the results were presented in Table 1. From Table 1, it
is shown that in order to satisfy the equal variance assumption, the optimal switch is the

middle measurement when the number of the total number of measurements is odd; and
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is the second one of the middle two measurements when the total number of
measurements is even regardless the measurement spacing. Therefore, based on the
theoretical results and the practical calculation, we recommend that in order to minimize
the total variance and meet the equal variance assumption, the optimal switch point
should be the middle one when the number of the total number of measurements is odd;
and is the second one of the middle two when it is even, regardless whether the
measurement spacing is regular or irregular (Figure 4).

The peoint to switch

@ Q Q @ @ o @ ] @
o 9 Q L a Qo @ ]

The point to switch

Figure 4. Illlustration of the time of treatment switch
3.4 The Optimal Weight c in Equation (1)

Under the assumption of equal variances among the four groups, t = 1 — p, thus

the optimal weight ¢ = 1i = 11 with a Iimit%as p — 0.

T
— +
VE 1-p

3.5 The Correlation p between the Slopes in the BTS Group and Those in the ATS Group

For each clinical trial with 6 or more measurements, we simulated with
replacement, 100 replicates of the treatment-switch group with sample sizes 100 from the
individual trials in our meta-database. The means and the standard deviations of p were
estimated. Despite the differences in the duration, number of measurements, and the
measurement spacing, p is uniformly small with an upper bound 0.20; in addition, more

than half of the estimates are negative (Table 3).
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Table 3. The estimates of the correlation p between the slopes of the BTS group and the

ATS group based on different clinical trials

*Ratio

Trial Time of 4 Positive Negative of Mean slopes | Mean slopes
measurement Mean(SD) | Mean(SD) - (BTS) (ATS)

ES | 0,2,6,12,15 | 3 | -0.15(0.08) | 0.06(.04) | 20/80 | 4.607(0.963) | 1.290(0.794)

03609 3 | -0.10(.06) .06(.05) | 23/77 | 3.421(0.983) | 3.237(0.652)

HC 12,15, 18 4 | -0.20(.11) | .06(.06) | 14/86 | 3.336(0.847) | 2.519(0.888)

5 | -0.13(.08) | .08(.05) | 37/63 | 3.724(0.501) | 0.744(1.431)

L 0, 3,6, 12, 3 | -0.15(1) .09(.08) | 25/75 | 3.906(1.291) | 3.770(0.950)

18, 20 4 | -0.17(11) | .08(.06) | 22/78 | 4.755(0.984) | 2.142(1.210)

PR 0,1,27, 3 | -0.15(1) 0.13(.1) | 37/63 | 1.151(3.303) | 3.050(0.700)

12,17 4 | -0.18(.1) .09(.08) | 25/75 | 3.776(1.057) | 2.157(0.937)

3 | -0.1(.08) .09(.07) | 37/63 | 3.820(1.292) | 5.092(0.634)

0,1,3,6,9, 4 -0.1(.07) 0.1(.06) 40/60 | 4.840(0.909) | 4.643(0.646)

SL 12, 15, 5 | -0.11(.08) | .08(.07) | 51/49 | 5.725(0.850) | 3.916(0.790)

18,21, 24 6 | -0.15(.09) | .07(.06) | 23/77 | 5.999(0.862) | 3.145(1.124)

7 | -0.22(12) | .07(.05) | 23/77 | 6.191(0.622) | 1.443(1.274)

*7+” represent the positive correlation, and “-* negative.

3.6 Power Comparison between Three Designs based on Simulated Data

The random intercepts (also referred as patient-specific intercepts) are simulated

from a normal distribution:

a;;j = N(0,1) + baseline mean.

The random slopes (also referred as patient-specific slopes) are also simulated from a

normal distribution:

:Bij = N(O,l) * 0 +Bl

The primary outcomes are calculated based on the simulated intercepts and slopes:
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For these simulated outcomes, its variance is
— 2 2 2
Var(yijk) =t ijk0 + 77,

and the variance of the corresponding slopes is

T2

Var(ﬁij) =g? + 7

Suppose, the DS trial has a sample size of 3n, meaning n per group. Then we use “the
small typical trial” to refer a randomized, placebo-controlled trial with sample size of n

per group; and we use “the large typical trial” to refer a randomized, placebo-controlled

trial with sample size of 3?71 per group.

First, we compare the power of the DS trial, the small typical trial, and the large
typical trial when 2 = 0, meaning no within-subject error (Figure 5). For the DS trial,

the

power
o
3

T T T
50 100 200
Sample size per group in the DS design

The type of trial
—&@— The DS desing — @ = The large typical design =@ = The small typical design

Figure 5. Power comparison between the DS trial (sample size: n: n: n), the large typical
trial (sample size: 3771 : 3771), and the small typical trial (sample size: n: n) when within-

subject error is 0. Given the total sample size, the DS trial has more power than the
typical large trial.
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test statistic are the ratio of (1) to (2). Formula (1) yields un unbiased estimate of the

treatment effect. Under the assumptions of 72 = 0, p = 0 and ¢ = 0, formula (2) yields:

2 0.2
02 =c?—=x4=—,
¢ n n
The test statistic for the large typical design is:
_ .gp B :gt
Z, =———,
0 ”Typical
where,
5 o? 0% 4
O rypical = gy *¥2 =¥ 3

2

So, the large typical trial has larger variance than the DS trial, consequently, leading to

less power.

In order to evaluate the impact of within-subject error on power of the three types
of trials, we simulate longitudinal trials of 24 months duration with measurement spacing
3 months, p = 0 and ¢ = 0. Under these conditions, K,, = 3.75; the optimal time of
treatment switch is at 12 months, and K;, = .625. It is shown that when the within-
subject error increases, as expected, the power of all the three types of trials decreases.

The decrease in power is quicker for the DS trial than the typical trials. When g > 0.8,

the DS trial no longer has power advantage over the large typical design (Figure 6). We

further investigate the cutting point where the DS trial starts to have less power than the
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large typical design by equating the variance of the test statistic of the DS trial to that of

the large typical trial under the aforementioned conditions:

72 72
21 —c)?(o% + 7o) 2(c% + )
" 12” _ 24
n n 3n ’
2

2c¢%(0? + i)
Kz4

solving it for % we obtain:

‘Within-subject SD/Between-subject S0=4 ‘Within-subject SD/Between-subject S0=8

power

Within-subject SDiBetween-subject SD

T T T T T T
100 200 400 100 200 400

Sample Size per Group in the DS Design
\The type of trial ==& The small fypicaltrial == The DStrial =—©= The large typical trial |

Figure 6. Power comparison between the DS trial (sample size: n: n: n), the large typical
trial (sample size: 3771 : 3771), and the small typical trial (sample size: n: n) when within-
subject error increases.

So far, we have shown that given the pre-trial estimates of the between-subject
variance and the within-subject variance, and the trial design parameters such as the
duration and the measurement spacing, we can determine whether or not the DS trial

would have large power than the large typical design.

86



3.7 Power Comparison between Three Designs when Assuming Equal Variances based

on Real Patient Data

Assume that the goal is to detect the treatment difference using the rate of change
as the key response through both the typical parallel-group trials and the DS trials. Then
the null and alternative hypotheses for the typical trials are:

Hy: B, —B: =0,
Ho: By — Be # 0;
and the null and alternative hypotheses for the DS trials are:
Ho:c(Bp =) + 1 = )(Bp = Ba) = 0,
Ho:c(By = Be) + (1 = )(Br = Ba) # 0.

Patients with missing measurements of 3 or more in the last 5 measurements are
excluded in order to avoid inaccurate estimates of the rate of change. After the exclusion,
136 of 341 patients from the SL trial and 335 of 459 patients from the HC trial are

remained for simulation.

As in the previous section, three types of trials were simulated under a detailed
protocol [21], similar to our previously published approach [22] [23], to reflect clinical
trials for an experimental drug for AD, and design parameters for the distribution of
ADAS-Cog selected to be consistent with previously published trials and ADNI [24, 25].
The key simulation parameters for the three types of trials are presented in table 4. The
goal is to compare the power between the three types of trials. Trials simulated based on
the SL trial have duration of 24 months and the treatment is switched at 12 months. Trials

simulated based on the HC trial have duration of 18 months and the treatment is switched
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at 9 months. Trials simulated based on the truncated SL trial only have duration of 18

months and the treatment is switched at 9 months.

Table 4. The key simulation parameters for the 3 different types of trials

Parameters Values
Assumption of
varignce Utzp =04 = 08 = 0fy = Oforal
p 0,0.2,0.4
1
c=—1,c—>0.5whenp—>0
¢ 1+
1-p
Allocation ratio 1:1:1
) ) 1 treatment-placebo (n, per arm)
Trial designs 2 delayed-start (n,, ny, n,)
h comparison 3 treatment-placebo (:ﬂ per arm)

Trials simulated based on the SL trial with duration of 24 months showed that the
power of the DS trials is significantly larger than that of the other two. As expected, when
the positive correlation increases, so is the power. However, trials simulated based on the
truncated SL trial with duration of 18 month showed the opposite, so are the trials
simulated based on the HC trial with the same duration (Figure 7). This conflict might be
attributed to the smaller mean slope in the ATS group of trials simulated based on the SL
trial (Table 5). The smaller mean slope is more likely caused by the informative dropout,
meaning that sicker patients dropped out in the last 6 months and only the healthier
remained in the study, thus leading to less progression in ADAS-cog than would be
expected. For trials simulated based on the HC trial and the truncated SL trial, the
difference in the power between the typical trials and the DS trials increases over sample

sizes.
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Table 5. The mean slopes and their corresponding variances by initial trials and by trial

groups
e . HC SL SLS
The initial trial Slope | Variance | Slope | Variance | Slope | Variance
The treatment group | 4.3 24.9 5.9 14.9 6.1 21.7
The placebo group 3.2 25.4 5.2 15.3 51 22.2
The BTS group 3.3 66.9 5.8 34.5 4.9 45.5
The ATS group 2.6 85.5 3.8 35.3 4.4 51.0
HC HC
Correlation=0.0 The caorrelation=0.4
1004
80+
60 / %
40+
o] f@ﬁ;@::g
o
SL SL
Correlation=0.0 The caorrelation=0.4
1004
5 804
40+
20 /

04

Truncated SL

Truncated SL

Correlation=0.0

The correlation=0.4

100
80
60
40
20

0_

I

—

50

T T T T
100 150

200 50

100 150 200

The sample size per arm

The 3 types of trials
—&— The delayed-start trial ———— The small typical trial

——&— The large typical trial

Figure 7. Power comparison between the 3 types of trials by sample sizes and by the
original trials used for the simulation

3.7 Under the Assumption of o3, = of # 05, = 0,

Assume 67, = 04 = 0fy4. Based on what is observed from the meta-database,

assume o3, = 62, = S651q1, S = 1.
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The test statistic is the same,
T, = C(.gp - Et) + (- C)(,Eb - ﬁa)' (1)

where ¢ (0 < ¢ < 1) is a constant weight. The variance of T is

, _ c?var(By;) N c*var( fy;) N (1-c)?af
T - .
¢ np ng Npa

(2)

In the context of the AD data, it can be further simplified by the facts that var(ﬁp i~
Bij) = 205 and of = var(By; — Baj) = 2(1 — p)sad.qr, Where p is the correlation
between £, j and B, j» and is mostly negative based on the meta-database. After

simplification, it yields

2 _ 26'zo-tzotal + 2(1 - C)Z(l - p)so-tzotal = 252 <C2 (1 - C)Z(l - p)s)

Or = 0 —
Te n n, total ny n,

This matches the scenario which yielded the results (11) and (12), thus by the same

arguments, we obtain:

1) The sample size allocation ratio is 1: 1: 1;

2) The optimal weight ¢ = 151 witht = (1 — p)s;

VE

3) The optimal treatment-switch time is the same as that under the assumption of
equal variances;

4) So are the estimate of the correlation;

In order to compare the power of the DS trials with that of large typical trials

under the assumption of unequal variances, we simulate trials following the same
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protocol used under the assumption of unequal variances. The key simulation parameters
for the two types of trials were presented in table 6. Trials simulated based on the HC
trial have duration of 18 months and the treatment is switched at 9 months. Trials
simulated based on the truncated SL trial have duration of 18 months and the treatment is

switched at 9 months.

Table 6. The key simulation parameters for the 2 types of trials

Parameters Values
Assumption of
varignces Utzotal = Utzp = Utzt * Utzb = O-tza = Satzotal
s s = 3 for HC trials,
s=2for truncated SL trials
p 0,—0.2,—0.4
1
C
¢ 14—t
1-p)s
Allocation ratio 1:1:1
Large typical trials (3—"-3—")
Sample sizes getyp ) 22
Delayed-start trials (n: n: n)

The simulation results are the same as those under the equal variance assumption.
Again, the DS trials generally had less power than the large typical trials, and the
difference between them increased over sample sizes (Figure 8). However, with the right
assumption for AD trial, the power of the DS trials increased. And the gain in power also
increased over larger sample sizes, meaning that the impact of misspecification of the

variance assumption on power increases over the increase of sample sizes (Figure 9).
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Figure 8. Power comparison between the DS trials and the large typical trials by sample
sizes and by the original trials under the unequal variance assumption
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Figure 9. Power of the DS trials under the equal variance assumption and the unequal
variance assumption by sample sizes

92



4 DISCUSSIONS

In this study, we extended the investigation of the DS design with three groups:
the constant-treatment group, the constant-placebo group, and the treatment-switch group
[10]. First, we obtained the optimal weight ¢ and the optimal sample size allocation ratio
through the interior-point algorithm and showed that although the combination of these
two yields the mathematical minimum variance of the test statistic, they are not
applicable from the clinical trial standpoint because the combination requires knowing ¢
in order to calculate the optimal sample size allocation ratio, which is contradicted to the
order of conducting clinical trials in that in a real clinical trial, the sample size allocation
ratio has to be determined first to begin the trial. Next, from the clinical trial standpoint,
we theoretically proved the optimal sample size allocation ratio and its corresponding
optimal weight in the test statistic. We proposed a simple and closed formula for the
optimal weight. Our result showed that the optimal sample size allocation ratio is 1: 1: 1,
which was first obtained by Xiong through simulation [10]. The same allocation ratio was
also used in the only DS trial in Parkinson’s disease [26], which, however, employed
only the constant-treatment group and the treatment-switch group. We also showed that
the optimal weight actually varies over the range of correlations, which is different from
the conclusion made by Xiong that “the optimum c is only minimally changed when the

correlation varies in a wide interval between 0.2 and 0.8” [10].

Based on a meta-database of 7 completed trials in AD, we estimated the absolute
correlation to be less than 0.2. More than half of them are actually negative, which have

not been considered in the previous study [10]. If the treatment under investigation is
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effective, patients’ cognition should stop progressing or even get better after they are
switched from placebo to treatment. Thus the rate of change in the ADAS-Cog scores
will decrease or even change from positive to negative, implying the negative
correlations are very likely to happen. The mixture of both negative and positive
correlations makes it hard to pre-estimate the correlation in order to calculate the sample
size for a future trial. We suggested that data from previously completed trials be used to
evaluate the magnitude of the correlation. On the positive side of this mixture, a new type
of DS design including only the treatment-switch group with the correlation as the
primary outcome may be considered. Under this setting, if the treatment is effective, the
rates of change in the ADAS-Cog when patients are on placebo should be negatively
correlated with those after patients are switched to the active treatment. So a negative
correlation with a large magnitude may be enough to declare the treatment as at least
symptomatically effective. A major advantage of this design is that all the patients would
receive the treatment, thus it may be better perceived by both patients and trial personnel
[11]. However, a downside is the confounding of treatment with the increased decline
that occurs over time, potentially making it more difficult to detect treatment effects.
Apparently, more research is needed to determine the proper sample size, the test statistic,

and the cutting point for a significant negative correlation.

We also compared the power of the DS designs to that of the typical design with
only the treatment group and the placebo group based on simulated data. We proved that
when the within-subject error is too large, the DS design has no advantages to the typical
large design. Moreover, we also proposed the cutting point to decide whether or not the

DS design yields more power than the typical design with the same sample size given the
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other design parameters such as the duration, the measurement spacing, the estimated
optimal weight, and the estimated correlation. This finding conflicts with the conclusion
that the DS design generally requires a larger sample size to obtain adequate power
compared to the typical design [7, 10, 12]. However, we notice that the DS design with
only two groups probably requires larger sample size due to the multiple comparisons,

which

Under the assumption that the rate of change is linear and the effect of the
treatment switch is only on the rate, it is statistically reasonable to assume that the
variances of the four groups are equal. However, what is observed from the meta-data is
that the variances of the treatment group and the placebo group are equal, those of the
BTS group and the ATS group are equal, and the former is much smaller than the latter.
Furthermore, the simulation based on the meta-data showed that the variances are equal
as long as the number of measurements in each group is equal; the fewer of the
measurements, the larger is the variance. This observation promoted the investigation of
the impact of the underlying assumption on the power of the DS design. When assuming
the unequal variance, the DS design gains more power, and the gain increases
significantly with sample sizes. Considering that the variance assumption not only affects
the power, but also determines some of the design parameters, an interim analysis at the

point of treatment switch may be necessary.

There are some limitations in this study. First, our study is not able to determine
the optimal duration of a DS design. Additionally, the impact of the duration on the
power has not been definitely quantified. Second, the simulation is based on only two

trials with the same measurement schedule, so whether or not the results are generalizable
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may be debatable. Third, whether or not the simulation results are associated with the
baseline characteristics such as age, and gender, severity of the dementia has not been
investigated. Forth, our simulation results need to be verified in a real trial. Finally, we
only investigate the DS design with three arms. Some of the design parameters are not

applicable for DS designs with only two arms or even one.
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CONCLUSIONS

Summary

Most randomized parallel-group clinical trials to detect symptomatic treatments or
disease-modifying treatments have been negative. Novel adaptive designs and the
delayed-start (DS) design are perceived to have advantages. How well these novel
designs behave in AD clinical trials has never been investigated. Additionally, some key
design parameters in the DS design need careful evaluation. Important contributions of
this dissertation include evaluating the effect of these novel designs using meta-database
of completed AD trials and proposing values for some key design parameters for the DS

design.

We presented a thorough comparison between two main designs which allow the
use of accumulating data for adaptation of an ongoing trial: the group sequential design
and the adaptive design (specifically the SSR adaptive design). We justified that the
adaptive design is more fitting, and the GSD should be avoided or used with caution for

AD trials.

Different SSR methods were evaluated. SSR using only a single measurement is
effective for small or moderate initial sample sizes. However, it generates large variation
in both the sample size increases and gains in power. SSR based on the effect size

generally results into greater gains in power than SSR based on the variance, however the
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former also tends to overshoot the final sample size. SSR at 6 months and SSR at 12
months led to very similar results. But maybe due to LOCEF, trials of 24 months did not
have more power than those of 18 months; neither did SSR at 12 months than SSR at 6
months. The reason is that 6-month progression in AD cannot overcome the
heterogeneity of patients’ response to those treatments under investigation. Due to the
limitation of the meta-data, the optimal SSR time using only a single measurement was
not determined. Considering the increase in variances of the primary outcome over time
in a longitudinal study, SSR at 12 months might be more reliable. In summary, when
using only a single measurement, SSR based on the variance at 12 months is

recommended for trials with small or moderate initial sample sizes.

When SSR was based on the variance of the rate of change in the longitudinal
data, it can not only increase the power, but also provide the flexibility between
increasing the sample size and increasing the number of measurements. For SSR at the
same time, the frequency for the former is much larger than for the latter. Therefore, it is
crucial to be realistic about the right length of the trial from the beginning since not only
is obtaining more measurements from the same group of patients potentially more
difficult than recruiting more patients but also SSR is less likely to lengthen the trial. For
this SSR method, the time of SSR still does not impact the gain in power, but it does
significantly affect the frequency of sample adjustments including both the sample size
and the number of measurements. This speaks volume of the merit of taking advantage of
all the information available at the interim analysis. Overall, this method in our opinion is
preferable than SSR based on a single measurement, however this conclusion depends on

the assumption that a linear model (or mixed effects linear model) is appropriate for
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modeling the longitudinal outcome in AD. One main concern about this method is that
two variances instead of one need to be determined beforehand, which increases the

likelihood of inaccurate estimates.

For the DS design, we not only improved some of the design parameters which
were proposed mostly based on simulation, but also extended the variance assumption. A
key finding is that violation of the variance assumption could significantly undermine the
power of a DS design. We also proposed a cutting point for determining whether or not
the DS design has larger power than the typical design given the same sample size. This
cutting point is calculated from the pre-trial estimates of the between-subject variance
and the within-subject variance, the duration of the trial, the measurement spacing, and
the estimate of the correlation between the slopes in the treatment-switch group. This
information is also required for planning a typical randomized and placebo-controlled
trial. Therefore, our proposal provides the advantage to determine the applicability of the
DS design without any extra information. It is widely perceived that the DS design
generally needs a larger sample than the typical randomized parallel-group design. The
proposed cutting point demonstrates that whether or not the DS design requires a larger
sample depends on how many groups the DS design contains. For the DS design with
three groups investigated in this dissertation, it is not necessarily true. However, for DS

design with only two groups, it is probably true due to the multiple comparisons.

Overall, this dissertation has demonstrated that the novel designs can be effective,
and should be employed in future trials. We discovered that the SSR based on the rate of

change is less vulnerable to the heterogeneous response of AD patients, and is preferable
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if the linear model is indeed the appropriate model. The DS design should be used when

the within-subject error is relatively small compared to the between-subject error.

Future Research

SSR based on the variance of the interaction between time and treatment may be a
good starting point for future research. For this method, the variance can be estimated
using GEE method. This method not only takes advantage of the longitudinal data, but
also requires only one pre-trial estimate of the variance. Although it requires assuming a

covariance pattern, GEE is robust to misspecification of this pattern.

We started our simulation with a large meta-database for SSR based on the
variance or the effect size of a single measurement; however, we ended up only using two
trials for SSR based on the variance of the rate of change and for the DS design due to the
limitations in trial duration and in the total number of measurements. Thus pooling more
trials with equal measurement spacing and long durations to verify the generality of our
results might be insightful. Furthermore, with more trials at hand, the impact of baseline

characteristics such as age, education, race, and severity of dementia should be examined.

A crucial assumption in SSR based on the variance of the rate of change and in
the DS design is that the longitudinal data follows a simple linear trend. So alternatively,
nonlinear models could be investigated. However, in order to apply those models, first, it
is important to know the turning point of the rate of change in the longitudinal data. So it
is helpful to pool more data from trials with long durations to decide where the turning

point is and whether or not it is affected by the baseline characteristics.
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For the DS design, there are different patterns. We will investigate more of them

and provide comparison so that the most appropriate one may be chosen.

Despite all the clinical trials conducted for AD, there is no consensus in the best
way to calculate the sample size or power. It will be helpful to have a review paper on

this subject.

While this dissertation begins a systematic evaluation of two types of novel

designs, as mentioned earlier, there is more to be work on.
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“THE UNIVERSITY OF
ALABAMA AT BIRMINGHAM
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RE; Request for Determination—Human Subjects Research
IRB Protocol #N130802007 — Application of Longitudinal Data Based
Adaptive Design for Alzheimer’s Disease and Mild Cognitive Impairment
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