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Abstract

Many randomized controlled trials (RCTs) recruit individuals to multiple clinical centers
rather than a single center. This strategy may provide a larger sample size and, therefore, have
greater power to detect potential differences among experimental treatments. After balanced
randomization, analyses of multicenter studies still need to appropriately adjust for the center
effects and possibly other covariates to ensure valid inference. However, for real-world studies,
regardless of whether the outcome is continuous or binary, it is often challenging to properly
account for them or decide whether to remove the interaction effects, especially when the treatment
arm ratio is unequal or the total sample size is small.

This work considered two projects. In the first project, (1) continuous outcomes were
explored under a blocked randomization process, which can induce correlation among treatment
groups and violate the statistical assumption that all individuals were independent. (2) The correct
test statistics for the null hypothesis of no treatment effect under the mixed-effects models were
derived under homogeneous and heterogeneous scenarios. (3) The method-of-moments based on
Type III sum of squares and restricted maximum likelihood (REML) procedures with Kenward-
Roger (KR) adjustment were examined for the impact on inference for center, treatment, and
center-by-treatment interaction effects under mis-specified models in two simulations studies. One
study considered only center effects, and the other considered center and block nested within the
center (e.g., litter). In the second project, (1) the performance characteristics of Cochran-Mantel-
Haenszel (CMH), generalized linear mixed model (GLMM), and generalized estimating equations
(GEEs) for binary data were compared under both balanced and unbalanced designs via simulation
under homogeneous scenarios. (2) Furthermore, these three primary methods were explored in
various situations with and without accounting for the center or center-by-treatment interaction
effects.

In summary, for both continuous and binary outcomes, it is important to assess whether or
not treatment effects are heterogeneous across centers. In particular for a continuous outcome
when the number of centers is small, whether or not to exclude the center-by-treatment interaction
term should be determined by p-values from the Type III sum of the squares analysis instead of
REML. The simulation results showed that REML was too conservative even with KR adjustment.
When center-by-treatment was statistically significant, the center-by-treatment interaction term

should be included in the model as random rather than fixed, otherwise Type I error rates for testing



treatment effects were inflated. However, when models were mis-specified (i.e., missing non-zero
random effects), increasing the number of centers (n.= 25) and considering the nested variable
(e.g., litter) as fixed could improve model performance in terms of Type I error rate and power for
inference on treatment effects. For a binary outcome, CMH is always recommended as the most
preferable approach in homogeneous scenarios. When center-by-treatment effects were present in
the data, GLMM incorporating center and center-by-treatment interaction as random could be used
to provide precise and valid inference for treatment effect. When the number of centers was large
(e.g., 25), GEE with robust standard errors (center as the subject for exchangeable working
correlation structure) was shown to be the best option for both homogeneous and heterogeneous

casces.
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random effects), increasing the number of centers (n.= 25) and considering the nested variable
(e.g., litter) as fixed could improve model performance in terms of Type I error rate and power for
inference on treatment effects. For a binary outcome, CMH is always recommended as the most
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Chapter 1 - Introduction

Multicenter randomized clinical trials (RCTs) have been frequently employed in clinical
research (Agresti and Hartzel, 2000; Babor, 2004; Chu et al., 2011; Pickering and Weatherall,
2007). Compared to single-center RCTs, one of the main reasons for conducting multicenter RCTs
is that it could provide a feasible way to generate a larger sample size and then achieve greater
power to detect the differences among experimental treatments (Kraemer, 2000; Localio et al.,
2001). Additionally, multicenter trials allow treatments to be tested in various settings, providing
a better basis for generalizing study results than results from one single-center trial (Lewis, 1999).
However, the major disadvantage is the potentially increasing variability and heterogeneity across
different centers. Variability in factors such as patient populations, healthcare practices, and
adherence to protocols among multiple centers can introduce additional complexity and may
compromise the study's internal validity. Managing and controlling for these variations becomes
more challenging, making it harder to draw definitive conclusions about the intervention's
effectiveness. Additionally, coordinating and standardizing procedures across diverse centers may
increase logistical challenges, impacting the overall efficiency and consistency of the trial.

1.1 Center Effects

As expected, individuals within a single center may be more similar to each other than
individuals from different centers, which is known as a center effect. The center effect can be
caused by various factors, such as the characteristics of the patient population (e.g., age and race),
the specific clinical procedures, and the quality of staff at each center. In statistical terms,
observations within a center tend to be correlated; those in different centers should be independent.

The center effect can lead to bias in multicenter RCTs if not adequately accounted for in

the trials. Simply pooling data as if they arose from one population (ignoring the center effect)



could provide biased results (Chu et al., 2011). Two primary statistical methods are accounting for
the center effect. One is to include the center as a random effect in the statistical analysis, allowing
for the variation between centers to be considered and separated from the variation within centers.
Another way is to stratify the sample by center so that the results from each center can be analyzed
separately. This statistical method could identify specific patterns or trends unique to a particular
center, which helps understand its characteristics and potentially make improvements or
adjustments to meet the needs of the individuals it serves.

The regulatory guideline suggests that the heterogeneity of treatment effects across centers
should be explored first. Still, it should be noted that this model with such statistical significance

tests generally has little power to detect the main effects of treatment (ICH, 1998).
1.2 Other Covariates

Besides center effects, it is also necessary to address the adjustment problem for other
covariates at the center level. There are many different types of covariates at the center level, such
as demographic factors (e.g., age, gender, weight, and race), disease characteristics (e.g., duration
or severity), and management teams (Lachin, 2009). Researchers should identify those covariates
that are expected to have a significant impact on the primary variables. Furthermore, it is crucial
to consider how to account for these factors in the randomization procedure and the analysis. When
more than two factors are used to stratify the design procedure, adjusting all these factors in the
primary analysis is challenging.

Moreover, since the treatment effect may vary across subgroups (heterogeneity), a
statistical model including interactions should also be explored in a planned confirmatory analysis
first (ICH, 1998). Although the researchers expected the level of imbalance in these trials to be

zero after all considerations, no single trial is likely to achieve complete balance on all critical



prognostic variables. Much literature illustrates the effect of the imbalance of prognostic variables

on statistical inference of treatment effect (Ciolino et al., 2015; Pocock et al., 2002).

1.3 Randomization

Randomization is the most essential feature of RCTs, as it inherently balances known and
unknown baseline prognostic factors between treatment groups. Moreover, it plays a crucial role
in minimizing selection bias on average. In mainly speaking, randomization refers to randomly
arranging participants into treatment and control groups, assuming that each participant has an
equal chance of being assigned to any group (Fleiss et al., 2013). It could reduce bias and control
for confounding variables in clinical studies.

1.3.1 Categories

There are several different techniques of randomization, including treatment balance
(simple, block, and urn randomization) and covariate balance (stratification and minimization
randomization) within treatments (Altman and Bland, 1999; Callegaro et al., 2021; Ma et al., 2020;
Taves, 1974). Several methods might be combined to achieve both treatment balance and covariate
balance across treatments (Hedden et al., 2006).
1.3.1.1 Treatment Balance

a) Simple Randomization

Simple randomization is the most straightforward approach to the randomization
procedure. For instance, when assigning subjects to groups A and B, the assignments are made
entirely random for each allocation. Typically, simple randomization could be reliable in
generating equal numbers of participants among groups when the total number of samples exceeds
100 (Kim & Shin, 2014). When the total number of samples is small, it could lead to an uneven

number of participants among groups across some important prognostic factors. Kang et al. (2008)



demonstrated an example of this imbalance that employing a coin toss with a small sample size
(e.g., n = 10) might lead to assigning 7 participants to the control group and 3 to the treatment
group (shown in Figure 1.1).

First 10 assignments

1 2 3 4 5 6 7 8 9 10

= Conltrol = Treatment

Figure 1.1. An example of the imbalance of sample size between treatment arms due to simple
randomization (coin toss) in a small trial (n = 10) from Kang et al. (2008).

b) Block Randomization

The second method is the block randomization, designed to enhance the balance of
treatment assignments over time. In this approach, participants are grouped into small blocks, and
within each block, the allocation to different treatment groups is random. The primary advantage
of block randomization is that it ensures more even numbers of participants among treatment
groups at various stages of the study, thereby minimizing the risk of imbalances in important
prognostic factors. Altman and Bland (1999) suggested that block size should be several times that
of treatment arms (i.e., with two treatment groups, block size of either 4 or 6), which the researcher
should determine.

While block randomization offers advantages in maintaining balance in treatment group

allocations, it also comes with disadvantages. One notable drawback of this method is groups may



be generated that are rarely comparable concerning specific covariates (Hedden et al., 2006). Such
an imbalance could introduce bias and reduce the power of the study, mainly when dealing with
small sample sizes (Schulz & Grimes, 2002).
1.3.1.2 Covariate Balance

a) Stratified Randomization

This approach addresses the necessity of controlling and balancing the impact of covariates
across different treatment groups. Thus, researchers' identification of relevant stratification
covariates that potentially influence the dependent variable, such as age, gender, or disease
severity, is crucial in this process (Kernan et al., 1999). By considering these factors, the
randomization process is stratified, leading to more homogeneous treatment groups with respect
to the specified characteristics. Participants are first categorized into different strata based on
several specific characteristics, and randomization is then independently assigned to each
corresponding covariate stratum. Subsequently, one of the randomization techniques (i.e., simple,
block, or urn randomization) for treatment balance could be applied within each stratum to allocate
participants to one group randomly.

Commonly, stratified randomization is a straightforward and valuable technique,
especially for smaller clinical studies. Still, it becomes complicated to implement if too many
covariates need to be controlled (Weir & Lees, 2003). Another limitation is that it depends on
having all participants identified before group assignment since covariates must first categorize
participants. This method is rarely applicable in practice, as clinical trial participants are typically
enrolled continuously, one at a time. The difficulty arises when the baseline characteristics of all
participants are not accessible before the assignment, which makes implementing stratified

randomization challenging (Lachin et al., 1988).



b) Minimization

When many important prognostic factors need to be considered, a randomization procedure
called covariate-adaptive can be used to balance selected covariate factors (Lin et al., 2015).
Minimization is the oldest and most popular covariate-adaptive randomization method, first
developed by Taves (1974) and then expanded by Pocock and Simon (1975). After it considers
relevant prognostic factors for the study outcomes, minimization achieves an excellent balanced
distribution of these factors across treatment groups, enhancing the comparability of the groups.

Despite increased RCTs on covariate adaptive randomization, some arguments still arise.
Due to its potential impact on subsequent analysis, regulatory agencies have questioned
minimization. Furthermore, the U.S. Food and Drug Administration (FDA) could commonly
require an additional complimentary analysis of data, typically as sensitivity analysis using a re-
randomization test (Callegaro et al., 2021).

1.3.2 Concerns

Usually, which randomization method will be applied based on the specific study design
and the type of collected data. To minimize the impact of center and other covariates on treatment
effect, stratified randomization and minimization randomization have been more often
commended for RCTs. Scott et al. (2002) showed that in 2001, 45% of randomized trials in the
Lancet or the New England Journal of Medicine used either stratification or minimization. More
recently, Pond et al. (2010) manually reviewed 476 clinical papers published in 13 major oncology
journals from 1995-2005 and found that 84.7% of trials stratified on at least one baseline variable
in their randomization.

Nevertheless, randomization does not guarantee the complete balance of participant

characteristics, especially when the sample size is small (Chu et al., 2011). Meanwhile,



stratification and minimization of randomized controlled trials will arise another concern. Because
randomization inevitably uses the covariate information to balance treatment groups, the validity
of classical statistical methods after randomization is often unclear. In other words, it could
introduce a correlation among treatment groups (Kahan & Morris, 2012; Kang et al., 2008), which
violates the statistical assumption that all patients are independent. This “cluster” effects could be
quantified by the intra-class correlation coefficient (ICC, p), which is defined as the ratio of its
variance between clusters to its total variance (sums of between and within clusters) (Rabe-
Hesketh & Skrondal, 2008). The range of p is between zero and one, and the larger p values
indicate a higher level of correlation between individuals in the same “cluster”, which means
individuals within “cluster” contain less unique information. Also, this implies that the
independence assumption for many statistical models is violated.

An improper analysis could potentially result in a beneficial treatment being denied to
patients or a treatment not beneficial being adopted. Therefore, when centers or other covariates
have been involved in randomization, it is necessary to adjust appropriately for these variables in
the analysis to obtain valid results. Scott et al. (2002) suggested that adjustments should always be
made for minimization factors when analyzing trials where minimization is the allocation method
used. Kernan et al. (1999) suggested that investigators should choose factors carefully and account
for them in the analysis once stratified randomization is made in the trial. Kahan and Morris (2012)
state that if the correlation is induced when using stratification and performing unadjusted analysis,
it will give invalid inference regarding low type I error rates and a power reduction.

Ideally, the covariate factors used in randomization should also be integrated into the
subsequent analysis according to regulatory guidelines (ICH E9, 1998). However, suppose more

than two or three important prognostic factors are used as stratification factors. In that case, it is



less successful at achieving balance or accounting for these stratification factors in subsequent
analysis. Thus, unadjusted analyses are still commonly used in practice. Kahan and Morris (2012)
reviewed the medical literature published in four major medical journals (the Lancet, the British
Medical Journal, the Journal of the American Medical Association, and the New England Journal
of Medicine) in 2010. Only 14 of 41 eligible studies reported accounting for their primary analysis
for stratification or minimization variables. Also, Pocock et al. (2002) summarized several vital
statistical issues that exist in the adjusted analysis, such as the overuse and overinterpretation of
subgroup analyses, contradictions in the use of covariate adjustment, the lack of clear guidelines
on covariate selection, the inappropriate application of statistical significance tests in assessing the
comparability of baseline covariates, and the importance need to have a predefined statistical
analysis plan encompassing all uses of baseline data. Hence, many working models may encounter
the challenge of invalid statistical inference.

1.4 Intraclass Correlation Coefficient

After the randomization process, participants in the same ‘block’ tend to have correlated
outcomes, meaning they are more similar to other individuals in the same ‘block’ than individuals
from other ‘blocks’. This similarity can be measured by the intraclass correlation coefficient (ICC,
p), which can be fundamentally understood as the proportion of total variability explained by the
variance between blocks. (Fisher, 1928). The fundamental definition of ICC is derived from the
expression for the correlation between responses from two different individuals within the same
‘block’. For instance, the correlation between the jth and /th responses in the ith ‘block’ can be

expressed as:

p= Cov(yij'yil)/\/var(yij) var(yy) forj # 1.

(1.1)



The algebraic form for ICC depends on the outcome type and model researchers apply.
There are two main modeling approaches, including (i) directly modeling the covariance structure
in the data, and (ii) specifying the variation at the cluster and individual levels separately in a
hierarchical model, then indirectly inducing the correlation structure (Eldridge et al., 2009). This
study only focuses on the expression of p for continuous and binary outcomes under a hierarchical
model. Therefore, hierarchical models usually need to specify a distribution for each level of data.
For instance, a model with two levels is defined by separate distribution for the ‘blocks’ and for
individuals within ‘block’.

For continuous outcomes, McGraw and Wong (1996) derived ten forms of ICC based on
five different cases (Selected results are shown in Table 1.1). When applied to the same data set,
these various forms of ICC could result in different conclusions. Mixed effect models are usually
used to estimate ICC since they can obtain an estimated random effect value directly using

maximum likelihood estimation.

Table 1.1. Definitions of ICC for selected models with continuous outcomes by McGraw and Wong (1996).

Case Name Model! Note Forms for ICC?
o2
1 One-way random effects Vij= HtT1i+e; 1; is random ﬁ
0% + 0
2
- e rCi o,
A Two way 'random‘ effects, Y= mHTi G trey +ey i, ¢ and rc;; are p
with interaction random 0% + 02 + 0% + 02
2
. o,
2B Two way rapdom effects, Yij= p+rtcte; 13, and ¢; are random S S
without interaction o + a2 + o’
3A Two-way mixed effects, Vi = AT 4G e + e ¢j is fixed, r; and of —of/(k—1)
with interaction y vt Y Y rc;; are random 02 + 0% + o2
B Two-way mixed effects, Vo= HATC+ e ¢j is fixed, and r; are o2
without interaction Y N random a2 + o

'where i=1,...,nandj=1, ...,k
2ICC: intraclass correlation coefficient.



For dichotomous outcomes, Gulliford et al. (2005) found a relationship between ICC and
the overall prevalence, and Evans et al. (2001) also discovered that the definition of ICC may
depend on the type of model adopted to analyze the data. Eldridge et al. (2009) presented two
expressions for ICC under hierarchical models: modeling the cluster-level proportions or the
cluster-level log-odds. The latter approach used to be under the logistic-normal model as follows,

yij~Bernoulli(pi)

pi

1-p;

logit (p;) = log =utuy
(1.2)
where y;; is a binary outcome generated from a Bernoulli distribution (p;). Meanwhile, u;
is the random effect of the i"* stratum (i.e., Center), which is generally assumed to follow a normal
distribution with mean 0 and variance o2. The parameter 62 which is expressed on the log-odd
scale, summarizes the variation among clusters, whereas the overall outcome variance p(1 — p)
is as the proportion scale. Since there is no close form for expressing the relationship between the
log-odd scale 62 and the proportion scale p(1 — p) (Goldstein et al., 2002; Turner et al., 2001),

Eldridge et al. (2009) introduced an alternative ICC using the log-odds scale without considering

covariates:

(1.3)

With the assumption that the model-based error term follows a logistic distribution. The
variance of the standard logistic distribution is (7%/3), where 7 is the mathematical quantity

(~3.14159).
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1.6 Objective

To date, limited studies have considered the issue of interaction (heterogeneity) in their
simulations. Although regulatory guidelines recommended that the statistical analysis for
multicenter/multi-region RCTs evaluate the consistency of treatment effect across subgroups,
there is no clear guideline for the appropriate statistically significant test for heterogeneous
treatment across subgroups, especially for data with binary outcomes.

The main goal of this research is to (1) emphasize the need for careful consideration of
methods with inference from heterogeneous data; (2) provide practical recommendations for a
statistically significant test for heterogeneous treatment across subgroups; (3) develop an
appropriate strategy when and how to adjust for the center and other covariates in the analysis for

the continuous and binary outcomes under homogeneous and heterogeneous scenarios.
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Chapter 2 - Multicenter Randomized Clinical Trials with

Continuous Outcomes

Multicenter randomized clinical trials are often carried out in practice, and significant
challenges are faced in analyzing trials. When balanced randomization is implemented to ensure
that treatment allocation is balanced within the ‘block’ (i.e., center), then when and how to adjust
for these factors is crucial for the analysis, especially under homogeneous or heterogeneous cases.
Many researchers performed simulation studies to investigate the appropriate model under
different ICC values for RCTs with continuous outcomes (Chu et al., 2011; Kahan & Morris,
2013a; Localio et al., 2001; Pickering & Weatherall, 2007). Generally, most of these studies
assume that the treatment effects were homogeneous among ‘block’ groups, that is no block-by-
treatment interaction exists (0,2 is zero). However, in real-world data, this assumption may not be
held (heterogeneous scenarios may happen). As discussed before, the center effect can also be
caused by various factors, especially the characteristics of the population (e.g., age, gender and
race), which means that the treatment effect could be heterogeneous for a particular subpopulation.
An ascertain analysis for heterogeneous treatment across subgroups is essential before the primary
analysis.

Furthermore, as McGraw and Wong (1996) stated, the forms of ICC for heterogeneous
cases differ from those for homogeneous cases. The recommendations on adjusting center and
other covariate factors for various ICC values, derived from studies in homogeneous scenarios,
may not be suitable for heterogeneous cases. Recall the two-way mixed model in Chapter 1.4.

yij = ‘Ll+'l'i+bj+'l'bij+el’ Wlthlzl, ....,l‘,j=1,...,c

jo

2.1)
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where y;; represents a continuous outcome measured for the subject in the jth ‘block” factor, which
is also one factor or combination group used in the randomization process receiving the ith
treatment. p represents an intercept term (the overall response mean). The treatment effects 7;’s
are fixed, with },; 7; = 0. The term b; denotes the random effect of the jth “block’, and 7b;; denotes
the random interaction effect on the continuous outcomes, and e;; denotes the random error term.
The additional assumptions regarding the random variables within this model include as
b ~i.i.d.N(0, of)
th;j ~ i.i.d. N. (0, 65)
e;j ~i.i.d. N (0, o)
When ¢ = 0, meaning that the treatment effects were homogeneous among ‘block’

groups, then ICC, is defined as
2

ICC, = —2b
b_a§+aez

(2.2)

When 62, # 0, which means the treatment effects were heterogeneous among ‘block’

groups, then ICCy, is defined as

oy — 05/(k — 1)

ICCy =
T 62+ 02 + a2

(2.3)
Mathematically, when ¢, # 0, if accidentally using Eq. 2.2 to estimate ICC,, the true

ICC}, could be overestimated. Furthermore, this can be problematic because the final models must

be determined by researchers considering suggestions from the literature related to /CC,, which

may not be applicable.
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Commonly, linear fixed/mixed-effect models are tools for analyzing multicenter datasets
with continuous response. The fixed-effect model makes strong assumptions regarding the
independence of observations and the distribution of residuals, while the mixed-effect model
makes more complex assumptions, particularly about the distribution of random effects and
residuals. Also, it allows researchers to consider heterogeneous situations in models. Violations of
these assumptions often happen in the real world, yet it is unclear how much these violations
impact accurate and unbiased estimation of interest or hypothesis testing.

For this chapter, we investigated (1) the appropriate method to test the existence or lack of
heterogeneous treatment effects across ‘block’; (2) the consequences of missing random effect
components on model estimates of interests.

2.1 Center Effect without Other Covariates

Many researchers have investigated when and how to account for center effects when the
center is applied as a stratification variable in the randomization process for multicenter trials with
continuous outcomes (Chu et al., 2011; Kahan and Morris, 2013; Pickering and Weatherall, 2007).
When using individuals as a unit of analysis, there are three commonly used approaches: ignoring
centers, including centers as fixed effects, and including them as random effects.

Thus, simple linear regression completely ignoring centers is inappropriate in general
cases. Otherwise, one would assume that the data is homoscedastic by ignoring the centers, which
means that the variance of the error is constant across centers. This strong assumption may not
hold because there is a potential correlation among patients within centers (Parzen et al., 1998).
Although stratified randomization has already attempted to reduce the impact of center on the
treatment effect's standard error and improve the study's overall validity, it is still essential to adjust

stratified randomization variables (e.g., center) in the analysis. The survey by Kahan and Morris
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(2012) shows that an unadjusted analysis could cause the standard errors for the treatment effect
to be biased upwards, resulting in wide 95% confidence intervals and low type I error rates. Only
when center effects and size are small can ignoring the center perform better than the fixed effect
model (Pickering & Weatherall, 2007; Kahan & Morris, 2013).

Therefore, accounting for center effects is crucial in randomized trials, particularly in large
multicenter studies (Localio et al., 2001). The fixed-effects model is the most common and
standard statistical adjustment method (Tangri et al., 2010). This method treats each center as a
fixed intercept to control for possible population or environmental differences among centers.
However, this model must assume that study subjects from the same center have independent
outcomes (i.e., the intraclass correlation coefficient p statistically is fixed at zero), which may also
not hold since the design has a potentially high correlation (Kahan & Morris, 2012). Meanwhile,
Pickering and Weatherall (2007) have shown that fixed effect analysis was less robust, mainly
when center effects were small.

The alternative method accounting for center effects is the mixed-effects model, which
incorporates dependence of outcomes within a center and treats centers as random intercepts. The
study from Kahan and Morris (2013) showed that random-effects models offer many advantages
over fixed-effects models in certain situations. For instance, random center effects models
increased power and precision when the number of patients per center was small (< 10 patients),
or an imbalance between treatments within centers due to the randomization method or the
distribution of patients across centers.

For the details of estimation and testing of treatment effects, regulatory guidelines (ICH

E9, 1998) recommend that,
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1) For the fixed-effects model, “the main treatment effect may be investigated first using
a model that allows for center differences, but does not include a term for treatment-
by-center interaction”. “If the treatment effect is homogeneous across centers, the
routine inclusion of interaction terms in the model reduces the efficiency of the test for
the main effects”.

2) Experts may also explore the heterogeneity of the treatment effect for the mixed effect
model. “These models consider center and treatment-by-center effects to be random
and are especially relevant when the number of sites is large”.

This statement has triggered controversy in statistical circles and caused in some challenges
in both the design and analysis of multicenter RCTs (Worthington, 2004). Regardless of the model
employed, the assumptions associated with it must be diagnosed by researchers first. These should
include assessing the validity of the model, independence of data points, linearity in the predictor-
response relationship, absence of measurement errors in the predictor, homogeneity of residuals,
independence of random effects versus covariates (homogeneity), identification of data missing
completely at random, and evaluating assumptions related to the distribution of residuals and
random effects. Worthington (2004) provided several opinions how on the proper modeling
approaches, including (7) analysis of the full model at first, including terms for treatment, center,
and their interaction; (i7) secondly, working on the full model but removing the interaction
depending on its level of significance; and (iii) finally using a reduced model, perhaps augmenting
it with an interaction term if secondary analyses suggest its presence.

However, limited studies provided recommendations for how to appropriately remove the
interaction term; only an early work suggested when the p-value for the test was 0.5, 0.25, or even

as low as 0.10 in a fixed-effects model (Schwemer, 2000). The concern is that different statistical
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tests for interaction terms led to inconsistent p-values, which may result in misinterpretation. If
trials are balanced that is treatment allocated an equal number into each center, the decision from
a fixed-effect model to drop the center or interaction term from the full model depends on the
estimate of the residual variance and degrees of freedom of the test statistics. Typically, it is
impractical that sample sizes at different clinical centers are controlled to be balanced for
multicenter RCTs. Worthington (2004) found that there was controversy about the use of Type III
or Type II analysis in a fixed-effect model, such as Type II provided the most powerful test for
treatment effect if no interaction existed, or Type III led to an unbiased estimate for treatment
effect if interaction exists. For mixed models, there are limited relative studies for the details
(Verbeke & Molenberghs, 2003).
2.1.1 Simple Linear Regression

This approach estimates the effect of treatment () on outcome (Y) ignoring centers via the
following equation.

Yiik=n+1+e5,i=12,j=1,..,c,k=1,..,r

(2.4)

where Y; j; represents a continuous outcome measured for the kth subject in the jth center

receiving the ith treatment (control or treatment group). u represents an intercept term (the overall
response mean). The treatment effects 7;’s are fixed, with )}; 7; = 0. We assume that all centers
are of equal size (2r) and that subjects are equally allocated among all treatment arms within each
center. The number of subjects in each arm is rc, and the total number of subjects is N = 2rc. The

e; ix as the residual variance is assumed to be independent and identically distributed N (0, 62).

ij
When this model is true with valid assumption, estimation and test hypothesis of treatment

effect could be straightforward. However, in a multicenter RCT study with a nonzero center effect,
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a randomization procedure was done in the design stage. Then, e;;; = b; + &, where the center
effects {b;} are independent and identically distributed (i.i.d.) N(0, 0Z) and 2 = 0, while the
&ijx~ iid N(0, 62). This could induce the ICC, p., defined as the proportion of the total variance
due to the between-center variability (Eq. 2.2, form as homogeneous case). Let Y; j; and Y57 be
the outcomes from the jth center, assigned to treatments 1 and 2, respectively. Denote var(Yy ) =
var (Y, jk') = 0?2 = 02 + 02. The correlation between subjects in the jth center is p. and the
correlation between subjects with different centers is 0. It follows that cov(Y1 jlo Y2 jk/) = p.02.
Let Y; and Y, be the mean outcomes in treatment group 1 and 2, respectively. The null hypothesis
of no treatment difference is, Hy: 7, — 7, = 0.

The #-test Statistic

In the context of a two-arm trial, this model (2.1) is the same as a two-sample z-test

-1

Jvar(t, — 1)

t =

(2.5)

The ordinary least squares estimate of 7; — 7,, naively assuming subject outcomes within
the center are independent, is given by

Th1—t=n—-"

(2.6)
We could rewrite ¢ statistic as
Y, - Y
t = 1 _ 2 _
Jvar(Y; — Y,)
2.7)

where the variance of the treatment difference, Y;- Y, can be found using the following formula:

var(Y, — Y,) = var(¥,) + var(¥,) — 2cov(¥,, Y,)
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(2.8)

If ¥; and Y, are independent, cov(Y;, Y,) would be zero. However, this does not hold because the

center naturally clusters study subjects:

_ 1 1
Y, ;) = —ZY-,—ZY-:
cov(Yy,Y;) = cov cr £ ko o 2jk

Jk Jk
1
B (cr)? Z cov(Yiju Yajr)
Tk
pco’
ocr

(2.9)

— — 2 — —
Note that var(Y;) = var(Y,) = :—r; the correlation between Y; and Y, is p., which is the same as

Y1ji and Y, j,r.Consequently, the true variance of the treatment difference is

202 B 2p.0° _ 2(1—p)o?

cr cr cr
(2.10)
yielding an elementary formula different from the classical one by a (1 — pC)_% factor.
= Y—Za%r (1-p)2
(2.11)

If the correlation p. is positive between Y;j and Y,/ in the same center, the usual

. . 202 . . .
variance estimate — is bigger than the true variance.
cr

2.1.2 Fixed-effects Model
Let’s consider a general fixed-effects model with treatment by center interaction term.

Yijk = u+rT+ bj + (Tb)l] +€ijk7i= 1,2,j= 1, ...,C,kz 1, e b
2.12)
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where Y;j; represents a continuous outcome measured for the kth subject in the jth center receiving
the ith treatment (control or treatment group). The term u represents an intercept term (the overall
response mean). The treatment effects 7;’s are fixed, with Y}; 7; = 0. Also, the additive fixed center
effects b;’s, and interaction effects (7b);;’s, are unknown parameters. The &;j; is the residual
variance assumed to follow a normal distribution N (0, 62). Clearly, if the assumption for the fixed-
effects model all holds, the analysis will be straightforward. Otherwise, we will have the same
issue as the previous simple linear regression model, which ignores the correlation between
subjects within centers.
2.1.3 Mixed-effects Model

Consider the general two-way mixed model with treatments being fixed effect and centers
being a random effect as follows,

Yijk = u+r; +b] + (Tb)ll +€ijk7i= 1, ...,t,jz 1, ...,C,k= 1, . rij
(2.13)

where Y}, represents a continuous outcome measured for the kth subject in the jth center receiving
the ith treatment. u represents an intercept term (the overall response mean). The treatment effects
7;’s are fixed, with }; 7; = 0. The term b; denotes the random effect of the jth center, and (7b);;
denotes the random interaction effect on the continuous outcomes that is specific to the jth center
receiving the ith treatment, and €;;; denotes the random error term associated with the kth subject
in the jth center receiving the ith treatment.

Since there are two types of factors in a mixed model, the resulting model has two parts: a
random effects part and a fixed effects part. The fixed effect part of this model is u + t;, and the

random effect part is b; + (tb);; + &;ji. The additional assumptions include the following,

bj ~ i.i.d. N (0, 62)
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(Tb)ij ~1.1. dN(O, O'tzc)
‘Sijk ~1i.i.d. N(O, 0'82)

(2.14)

and b;s, (7b);js and g&;jys are all independent random variables. The terms corresponding to the
design structure are not included in the above model. In matrix notation, the general linear mixed
model expressed as the marginal distribution of y is given as
y=XB+e
where e =Z,u, + Z,u, + €, with Var (e) =2, and
X =027,Z1 + 6iZ,Zy + clly

(2.15)
where y is an observed N X 1 data vector, X is the fixed effects part of the model.

u; (i = 1,2) and ¢ are independent random variables.
2.1.3.1 Analysis of the Random Effects

The first step is to determine whether there exists enough statistical evidence to conclude
that 67 > 0 (i = c, tc) for model 2.13. An appropriate decision can be made by (i) testing the
hypothesis Hy: 67 = 0 vs H,: 67 > 0; or by (ii) constructing a confidence interval about 6. The
common tests of hypotheses about variance components include constructing F-statistics (F-
distributions), Wald Z-test, and a likelihood ratio test (chi-square distributions). Furthermore, the
confidence interval about o/ could be constructed based on the approach used for testing
hypotheses. In general, techniques such as method-of-moments (MoMs), maximum likelihood
(ML), restricted, or residual maximum likelihood (REML), and minimum norm quadratic unbiased
estimation (MINQUE) could be used to obtain the estimates of the three variance components

(center, interaction, and residuals).
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The SAS-Mixed code in Table 2.1 was used to fit the two-way mixed model and obtain the
REML estimates of the variance components. The estimates from the other three methods could
be obtained by specifying Method = ML, MIVQUEQ, or type3 (or typel, or type2).

Table 2.1. SAS-Mixed Code to Obtain the REML Estimates of the Variance Components.

Proc mixed data=data method=REML cl covtest;
Class center treatment;
Model outcomes= treatment /DDFM=KR;
Random center center*treatment;

Run;

The method of moments procedure (Eisenhart, 1947), first computes the sums of squares
(Type 1, Type 1I, or Type III), determines their expectations, and then estimates the variance
components from the system of linear equations. For instance, the Type III sums of squares, mean
squares, and their corresponding expected mean squares for balanced data are shown in Table 2.2.
Then, based on the analysis of the variance table, we construct F-statistics for the variance
component hypothesis test.

When data is balanced (e.g.1;; =7 ), the F-statistics are distributed exactly as F-
distributions. In particular, the statistic for the first testing hypothesis (Hy: 62 = 0 vs H,: 62 >

0), constructed by using the expected mean squares in Table 2.2, is

MST x C
Fre = —31cp

(2.16)
which has a sampling distribution of ' with dfysrxc = (t — 1)(b — 1) for numerator degrees of

freedom and dfysp = bt(r — 1) for denominator degrees of freedom. If the T X C interaction
variance component were equal to zero, it would indicate that the differences observed among the
treatments are similar for all centers. Similarly, the statistic for the second testing hypothesis

(Hy: 62 = 0vs Hy: 62 > 0) is

22



. MSCenter
€7 MST X C

2.17)

which has a sampling distribution of F with dfyscenter = (b — 1) for numerator degrees of
freedom and dfysrxc = (t — 1)(b — 1) for denominator degrees of freedom.

For unbalanced cases, using the analysis of the variance table to construct F-statistics for
some variance component hypothesis tests are not quite straightforward. Unlike balanced case, the
values of k4, k,, k3, and k, which depend on data structure, need to be determined by Hartley’s
synthesis method (Hartley, 1967) at first. As shown in Table 2.3, the coefficients on 62 in the
expected mean squares of MSCenter and MST X C are not the same (e.g. k, # k3). Thus, there is

no direct F-statistic to be tested for the hypothesis, Hy: 62 = 0 vs H,: 62 > 0. However, there is

: o . . . k
a linear combination of mean squares that has the desired expectation, that is, E [k—2 MSTC +
3

—2) MSE| = kyo? + o?. Then, the statistic to test this hypothesis is
k 2%¢c yp

3

MSCenter
Fc = Q—
2

(2.18)
where Q, = :—jMSTC + ( - i—i) MSE. Also, F, has an approximate sampling distribution of F
with dfysc = b — 1 for numerator degrees of freedom and v, for denominator degrees of freedom

where

sz
[Cka/Ies)MSTC]? | [(1 = (kp/ks))MSE]?
dfusrc dfuse

U2=

(2.19)

as determined by approximating the distribution of v,Q,/E(Q,) by a chi-square distribution using

the Satterthwaite approximation (Giesbrecht & Burns, 1985).
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When ML, REML, and MINQUEDO solutions are obtained for variance components, a Wald
test is also available for these variance component tests. Since the Wald test is very approximate,

it is suggested to be used only when there are many levels of the random effect (Dickey, 2008).
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Table 2.2. Analysis of Variance Table for the Balanced Data Using Type III Sums of Squares

Mean Square Error

Source of
Variance daf Sum of Squares (SS) (MS) Expected Mean Square Term Error df
t — —
T (Treatment) t-1 rb i —¥.)? SST/df rof + o2 + %Zi(Ti —T)> MSTXC dfrxc
i=1
b
C(Center) b-1 rtE 7, —7.)° ssc/df, tro? + 1ol + o2 MSTXC  dfpec
j=1
t b
TxC (b'])(t'l) rE 2 (yij. - }71-..—7.,-. + 3_’)2 SST % C/dfoC TO'tZC + 0'22 MSE derror
i=14=j=1
Residual ‘ b T = 32
- e — Vi SSE/d 2 - -
(oo b (1) Zizlzzl D Gie=7,) 14f v o
Hypothesis Test Statistics
Hy:02 =0vs Hy: 02 > 0 Fi. = MST X C/MSE
Hy:02 =0vsHy:02 >0 F, = MSCenter /MST x C
Hy:t; = 0vs H,: at least onet; # 0 F, = MSTreatment/MST X C
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Table 2.3. Analysis of Variance Table for the Unbalanced Data Using Type Il Sums of Squares

Elzlrlir:r?c(::f df Sum of Squares (SS) Mea(r;/{SSq)uare Expected Mean Square ,E;;rl Error df
T (Treatment) -1 rb Z 5 ) SST/df; kot + o2+ 2T T -1 @ v,

C (Center) b-1 Z 3, 7. SSC/df, ky02 + kyo2 + o2 0, v,
TxC boen Ty lzj G =TT I SSTXC/dfrec ks, + 02 MSE  dferror
éersriéirl;al N-tb Zi:lzjzlzk=1(yijk —¥i;)? SSE [dfgrror of - -
Hypothesis Test Statistics

Hy: O'tc Ovs Hy: 02 >0
Hy:02=0vsHy:02 >0
Hy:t; =0vs H,: at least onet; # 0

Fie = MST x C/MSE
F, = MSCenter/Q,
F; = MSTreatment/Q,

'Q, = Z—“MSTC +(1- %)MSE, with an associated degree of freedom v, and Q, = z—ZMSTC +(1- %)MSE, with an associated degree of freedom v,, where
3 3 3 3

v; (i = 1,2) is determined by approximating the distribution of v;Q;/E(Q;) by a chi-square distribution using the Satterthwaite approximation.
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Another alternative approach for testing hypotheses about variance components could be
based on a likelihood ratio procedure (not shown here since it is not our main interest), which
involves evaluating the value of the likelihood function for the complete model and evaluating the
value of the likelihood function for the model under the conditions of H, (reduced model).

Constructing confidence intervals of variance components relies on the type of
approximation. A (1 — a) 100% confidence interval about 6/ (i = c, tc, €) is given as

1) Wald Type Confidence Intervals

(2.20)

which can be computed using the asymptotic normality of maximum likelihood estimates. As
mentioned above, the Wald confidence intervals are appropriate only when the degrees of freedom
associated with the estimated variance component are large (e.g., large size of random effect
levels).

2) Satterthwaite Type Confidence Intervals

52 52
vz‘al <o? < ;‘al
X&) X(1-2)w

2.21)

where 67 is the estimate of 67, v; is the degrees of freedom associated with 67, and )((25) , and

5 Vi

)(El_g)v, denote lower and upper a/2 percentage points from a chi-square distribution with v;

2) L
degrees of freedom, which are determined using the Satterthwaite approximation.

_2[E@D)°
T Var(6h)

(2.22)
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If 7 is obtained from methods of moments solution, the approximate sampling
distribution of 67 = q;MS; + q,MS, + - + q,MS),, where MS; denotes a mean square based on
fi degrees of freedom, the mean squares are independently distributed, and the g; are known
constants. Then, Satterthwaite approximation degrees of freedom could be written as

2(6%)*

k (qiMS;)?

i=1

Vi =
L

(2.23)

For instance, in Table 2.3, 62 = %MST X C — %MSE . The number of degrees of freedom

of the approximating chi-square distribution obtained through the Satterthwaite approximation is

2[64.1?
1 21 2
(; MST x C) (; MSE)
b-—D-1 bt =1

Vic =

(2.24)
If 51'2 is obtained from the REML, ML, and MIVQUE solutions, then the inverse of the

information matrix can be used to estimate the variances of the estimated variance components.
Then, the number of degrees of freedom by Satterthwaite approximation is given by

_2[E@D)]

= SER%T 5 7 value)?
“T Var6?) (Z value)

(2.25)

In general, the method of moments technique enables the derivation of estimators without
requiring the assumption of normality. Consequently, the singular established characteristic of
these estimators is their lack of bias. However, a challenge arises when specific variance
component estimates are negative. In such instances, the variance component estimator is adjusted
to zero to maintain it within the parameter space. Unfortunately, this practice of setting the

estimator to zero in response to negative solutions compromises its unbiasedness. In cases where
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the design is balanced and along with all positive solutions for variance components, the method
of moments, REML, and MIVQUE estimators are identical (Milliken & Johnson, 2009). In the
case of wunbalanced designs, method-of-moment estimates are computationally more
straightforward, while the other three methods necessitate iterative algorithms. Both maximum
likelihood and REML estimators demonstrate consistency and inherit the standard properties
associated with large-sample-size maximum likelihood estimates. Generally, REML is the
preferred method of estimating the variance components.
2.1.3.2 Analysis of the Fixed Effects

Eventually, our main interest is to determine if there is enough statistical evidence to
conclude that 8 # 0 (e.g., treatment effect exists) for model 2.13.
a) Estimation and Construction of Confidence Intervals

For the estimation of fixed effect, there are several methods for estimating estimable
functions of S (i.e. a’B) in the mixed model. If the elements of the covariance matrix X are known,
then the best linear unbiased estimator (BLUE) of an estimable function a’f is

a'Bprug = a'(X'E1X)" XLty

(2.26)

For most balanced designs and some simple unbalanced designs, the estimator of 5 could
be simplified to By = Brs = (X'X)~X'y, which is the ordinary least squares estimator of S,
and it also does not depend on the variance components (Milliken & Johnson, 2009). That is,
a,BBLUE =a' (X'X) X'y

(2.27)

When the designs are unbalanced, and the covariance matrix X is unknown, the fg, 5 does
not exist. A weighted least squares estimator must be obtained where £ is used as the weighting

matrix. The estimated covariance matrix is given by
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5 =627,7] + 627,75 + 62y

(2.28)

where 62, 62., and 62 are the estimators of the variance components obtained using one of
the previous methods (MoMs, ML, REML, or MINQUEO). And then, the weighted least squares
estimator of a’f is as followed
a'By =a (X'S1X)"X'S 1y

(2.29)

with Var (a'By) = a'(X'S71X)~a, where a generalized inverse (g-inverse) solution is used for
inverse of X'S~1X. Thus, a (1- a)100% confidence interval for an estimable function of a’f could
be obtained by using the asymptotic sampling distribution of a’fy,. That s,

a'By~ N[a'B,a' (X'E~1X)"a]

However, Kackar and Harville (1984), and Kenward and Roger (1997) found that
a'(X'£71X)~a is too small for small sample inference from REML procedure, and then provided
an adjustment to the estimated standard errors of the fixed effects using a Taylor series expansion
about the unknown variance components. The SAS-Mixed procedure with the DDFM = KR option
directly provides the adjusted estimated standard error for the estimates of the fixed effects
parameters, along with adjusted corresponding degrees by using the generalization of the
Satterthwaite approximation as

2[a’(X'S£71X)"a]?
Var[a'(X'£71X)"a]

D=

(2.30)

Therefore, an approximate (1- a)100% confidence interval of a’f is given by

@B £ (tapas) |l (05110l

2.31)
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b) Testing Hypotheses
To test Hy: HS = b vs H,: HB # b, first, we need to compute the statistic as
2 I&— T )
Q = (HByw —b)[H(X'S71X) H'| (HBw — b)

(2.32)
Under the conditions of the null hypothesis, the asymptotic sampling distribution of Q is

)(é where ¢ = Rank(H) is the number of linear independent linear combinations of § in H. A small
sample test statistic is F, = @ /r where » = Rank [H (X ORED'¢ )_H "], which has an approximate
sampling distribution of F with df,umerator = ¢ for numerator degrees of freedom and
dfdenominator = T for denominator degrees of freedom. The denominator degrees of freedom
(DDF) could be computed using Satterthwaite approximation under the DDFM = KR option.
Small p-values (typically less than 0.05) indicate a significant effect.

For instance, to test the hypothesis that the means are equal, Hy:py = =
W; vs Hy: not (Hy), it could construct F-statistics using the expected mean squares based on the

analysis of variance table, when data is balanced shown in Table 2.2,

. MSTreatment
L7 MST xC

(2.33)

which has a sampling distribution of F with dfysrreatment = (t — 1) numerator degrees of
freedom and dfysrxc = (t — 1)(b — 1) denominator degrees of freedom.

For unbalanced data (e.g. 7;; # ), since the coefficients on o7, in the expected mean squares
of MSTreatment and MST X C are not the same (e.g. k, # k3), there is no F-statistic to be tested

that the means are equal. However, there is a linear combination of mean squares that has the

desired expectation, that is, E [% MSTC + (1 - %) MSE ] = kwfﬁ + o2. The test statistic is
3 3
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where Q; = %MSTC + (
3

MSTreatment

F, =
‘ Q4

(2.34)

- %) MSE, which has an approximate sampling distribution
3

of F with dfygc numerator degrees of freedom and v denominator degrees of freedom, as

determined by a Satterthwaite approximation, that is,

Qf

171=

[(ks/k3)MSTC]?

L=

(k4/k3))MSE]?

dfusrc

dfuse

(2.35)

Here is a concern, if the o2 # 0, this should be the correct test for treatment effects

(George Casella, 2006). However, if 62 = 0 (the treatment effect is homogeneous across centers),

the reduced model could generate greater power and improve the efficiency of the test for the main

effects (shown in Table 2.4 and Figure. 2.1).

If REML, ML, and MIVQUE solutions are obtained, then F statistic construct as part b)

with recomputed degrees of freedom df = 2(Z value)?.

Table 2.4. Analysis of Variance Table for the balanced data using Type III sums of squares when 7,=0.

Source of
Variance df Sum of Squares Expected Mean Square
Treatment t-1 rb 2 -y)? aZ + —Z (T; — T)?
Center b-1 2 3 —¥)? tra? + o?
Residual (Error) 2 2 2 Gijk — ¥ij) o?

i=1 j=1

Hypothesis

Test Statistics

Hy:02 =0vsHy:02 >0
Hy:t; = 0vs H,: at least one t; # 0

F. = MSCenter /MSE
F, = MSTreatment/MSE
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Power = 0.78
a=0.05
p=0.22

Power = 0.83
a=0.05
p=0.17
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Figure 2.1. Comparison of power for the balanced data using Type III sums of squares when ¢2.=0.

2.1.4 Preliminary Simulation Study
2.1.4.1 Correlated Outcomes
Our first preliminary simulation study investigated the correlation between two treatment
groups under different center effect sizes (Figure 2.2). The number of each center was 20, with 10
randomly assigned to treatment group 1 and the other 10 to treatment group 2. We used 2000
simulations for each scenario to estimate the correlation between the two treatment groups. Figure
2.2 shows the results of 1000 simulations, which we chose to maintain the clarity of the graph. We
simulated a continuous response Y; ;; under model 2.13 with homogeneous scenario (d£. = 0).
Figure 2.2 shows that when center effects are smaller than 0.3, the correlation between
Y; and Y, are harder to notice. An unadjusted analysis under these scenarios could give valid
results. However, as center effects increased, a correlation between Y; and Y, increased sharply.

This demonstrates that the correlation is introduced by the process of randomization.
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Figure 2.2. Correlation between outcomes from two treatment groups under different center effect sizes.

2.1.4.2 Model Comparisons
a) Data Generating

In the second preliminary study, we used Monte Carlo simulation to assess the performance
of six statistical models to analyze a multicenter study, only considering the center effect with a
continuous outcome under homogeneity and heterogeneity when the center level is small (n, = 4).
We generated continuous outcomes, Y, using the mixed-effects linear regression model given by

Eq. 2.13. We generated the random error, €; ., from N (0, 02 = 0.5). To simulate center effects,

we employed the relationship between p, and o2:

For homogeneity cases (62 = 0), as Eq. 2.2
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o¢

Pc =

- 02 +0?
(2.36)
For heterogeneity cases (o7 = 0), as Eq. 2.3
_at—ot/(k—1)
¢ 02 + o/ + o2
(2.37)

To comprehensively study the behavior of candidate models at various p. levels under both
cases, we considered the following values of p. for completeness: 0.00, 0.25, 0.50, 0.75 and 0.99.
This in turn set the corresponding o2 values that are to be shown in Table 2.5. However, we
focused interpretation of the results on lower values of ICC and o as they were more likely to

occur in practice.

Table 2.5. The catalog of simulation designs

Scenario ol T Pe o?
1-25 0 0.0.167.0.5. 1.5, 49.5
26-50 0.1 0,04, 0,025, 0.1,03,0.7, 1.9, 59.5

0.8,1.2, 0.5,0.75,
51-75 0.2 16 0.99 0.2,0.25,0.9,2.3,69.5

75 -100 0.3 0.3,0.30, 1.1, 2.7, 79.5

b) Performance Measures

For each scenario, we generated 1000 hypothetical trial datasets. Then, we applied six
statistical models (simple linear regression, Random-effects, Fixed-effects without interaction,
Fixed-effects with interaction, Fixed-effects with correction, and Random-effects with correction
shown in Table 2.6) using MoMs (Type III sum of square) or REML with or without KR option
to each simulated dataset. For each simulation scenario, model and method, we estimated the
following measures:

For center-related effects, only Type I error rate and Power.

For treatment effect,
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1) Type I error rate (when the true T = 0) and Power (when the true 7 > 0)
2) Average Point estimated 7 and estimated standard error (SE) for 7, with simulation
standard deviation (SD) for ©

3) Bias and mean squared error (MSE) of the point estimator of treatment effect (i.e., T)

4) The empirical coverage rate of the 95% confidence intervals (Cls) around .

Type I error rate and power were calculated as the proportion of the simulation results with
a statistically significant center/treatment effect with a two-sided significance level of 5%. The
mean value of the estimated treatment effect was calculated as 7, and the simulation or empirical
SD was calculated as the standard deviation of the estimated t across simulations, indicating the
precision of the estimator. Bias is estimated as the difference between the average estimate of t
over 1000 simulated datasets and the true effect and is given by

Bias(T)=E({@)-t=E(( —1).

Negatively or positively biased estimators lead to an under- or over-estimation of the true
7. Therefore, if an estimator for 7 satisfies £ (7) = t, that is, it is unbiased. A good estimator should
not only be unbiased but also remain unaffected as much as possible by sampling fluctuation. The
overall error rate of the point estimator was captured by estimating by MSE, which is the average
squared distance between the estimator and its true value across the 1000 datasets:

MSE (t) = E (- 1)*= Var () + (Bias (1))

If MSE (1) < MSE (12), then 7 is said to be more efficient than 7>. Furthermore, we
reported the performance of 95% Cls in different methods for 7 in terms of coverage rate (i.e., the
proportion of the simulation results in which the estimated 95% Cls contained the true value of the

7). All datasets were simulated and analyzed in SAS software (version 9.4).
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Table 2.6. Descriptions of Six Models

Item Model! Note
Unadjusted Yijk = u+7 + &ji Only 1;, as fixed
Random-effects Yiik = u+ 71 +bj + &k b; is random

Fixed-effects Yiik = u+ 71 +bj + &k b; is fixed

Fixed-effects with interaction Yiik = u+ 71 +bj + (tb);j + &jx  bj and (tb);; are fixed
Random-effects with correction Yiik = u+ 71 +bj + (tb)ij + &jx  bj and (tb);; are random
Fixed-effects with correction Yiik = u+ 1+ b; + (1b);; + &jx  bjis fixed and (tb);; is random

'where Y; . represents a continuous outcome measured for the kth subject in the jth center receiving the ith
treatment (control or treatment group).

¢) Results and Discussion

Here, to test whether the treatment effect is homogeneous across treatment groups, we first
explored the Type I error rate and power analysis for the interaction effect. There are three models
accounting for the treatment-by-center interaction effect, including Fixed-effects with interaction
(T¢, fixed), Random-effects with correction (o2, random) and Fixed-effects with correction (o2,
random). We compared these three models’ performance for the hypothesis test of 62 = 0 or
T¢c = 0 in terms of Type I error and power (shown in Figure 2.3 and Figure 2.4). As the results
shown from the type III sums of squares analysis, whatever center effect specified as a fixed or
random term in the model, these three models performed well in terms of the nominal Type I error
level (~ 5%) and great power (~80% for g2 = 0.3). On the contrary, the results from REML
showed that the test could lead to a severe reduction in type I error rate and power except when
the interaction effect is fixed. In this simulation study, the interaction effects were generated at
small value (62 < 0.3). Thus, the Type III estimates could turn out to be negative. As we know, it
needs to be adjusted to zero for a compromise of its unbiasedness. With iterative algorithms, the
REML estimator was as stated to be better than the Type III estimator for point estimation purposes
(Milliken & Johnson, 2009). Unlike estimation, F-statistics for Type III was constructed to test the

hypothesis by a ratio of two mean squares. No matter what the solution value for o (negative or
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nonnegative), these expected mean squares are unbiased estimators for certain mean squares.
However, the REML approach relies on the Wald Z-test, which is asymptotically distributed as a
normal random variable. In these cases, the number of centers associated with each of the g2 are
small. They were also, owing to REML’s restriction that g2 > 0, it is unsurprising that this
resulted in a highly skewed distribution, which is not valid for a Wald Z-test. Unless the center
size is large enough, the information associated with the Wald Z-test does not help test hypotheses.
When the number of centers is small, the more appropriate way is to incorporate 7., as a fixed
effect in the model (i.e. Fixed-effects with interaction). As expected, no significant difference is
observed in Type I error rate and power among either different treatment effects (z,) groups or
center effects (ICC values) groups.

The second step is to test the hypothesis of 7 = 0 or 7. = 0 (i.e., center effects), only the
unadjusted model did not consider the center effect in the model. Here, we compared the rest of
the five models’ performance (z.: as fixed in Fixed-effects, Fixed-effects with interaction, and
Fixed-effects with correction; or 2: as random in Random-effects, and Random-effects with
correction) in terms of Type I error and power (shown in Figure 2.5 and Figure 2.6). For the type
IIT sums of squares analysis, the results remained consistent as the previous proof in part 2.1.3.

That is, when o2 = 0, all the models using Type II could achieve the nominal Type I error rate.

MSCenter MSCenter

However, since the F. statistic for the situation should be STXC

, instead of , models

without random T X C term (e.g., Fixed-effects, Fixed-effects with interaction and Random-

effects) provided greater power than other models (e.g., Fixed-effects with correction and

MSCenter

Random-effects with correction). Furthermore, when 62 > 0, only STXC

computed the correct

F, statistic for the hypothesis test of 67 = 0 or 7, = 0, so models without T X C random term

caused an inflated Type I error rate. As o2 value increased, this inflation increased markedly. This
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indicates when heterogeneity exists (nonzero 62.), MST X C should be the correct term to test the
center effect to validate inference.

For REML procedure, also since the number of centers is small, models including center
as a random term (e.g. Random-effect and Random-effect with correction) are not suitable, and it
caused a deficient type I error rate and loss of power. When incorporating the center as a fixed in
the model, but without T X C random term, it could cause the similar issues (an inflated Type I
error rate with falsely high power) as Type III approach for nonzero o situation. For this scenario
(02 has existed), only Fixed-effects with correction, along with Satterthwaite approximation
adjustment (In SAS-Mixed procedure with the DDFM = KR option) could achieve the nominal
Type I error rate and provide true power for hypothesis that no center effect existed. As we
discussed before the main reason is, as we discussed before, that for small sample inference of
fixed center effect from REML procedure, the corresponding estimated standard errors (i.e.
a'(X'£71X)~a) is too small without adjustment.

The analysis for fixed treatment effect was included two parts, point estimation and
hypothesis testing. The point estimates of treatment effect T were unbiased in six models for either
Type III sum of squares or REML procedures across all ICC values (Figure 2.11 - 2.16). Upon
review, it was unexpected to observe that the point estimates in the unadjusted model (simple
regression model), neglecting the center, remained unchanged regardless of ICC values. When
treatments are distributed proportionally across all centers, the center exhibits no association with
the treatment allocation. Consequently, whether accounting for the center effect in the model or
not has little impact on the point estimate of the treatment-response relationship, especially when
dealing with a continuous response variable. Therefore, various methods of integrating between-

center information resulted in identical estimates of treatment contrast in a balanced design. These
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consistent point estimates are further translated into uniform empirical standard deviation and the
estimator's overall error rates (measured by MSE) across all six models regardless of ICC values,
except for fixed effects with the interaction model (Higher simulation SD and MSE). When
heterogeneous exist, empirical SD and MSE of Fixed-effects with interaction model increased
dramatically as 63, value increased, while other models were changed slightly. Across different
ICC values, Fixed-effects and Random-effects Models with or without correction yielded the
smallest average estimates of the standard error of t, while Fixed-effects with the interaction
model led to a larger estimated SE of t. As expected, the unadjusted analyses produced larger
average estimated SE values as larger ICC values.

Type I error rate and power analysis for treatment effect T were shown in Figure 2.7 - 2.10.
Under homogeneous scenarios (g, = 0), results from the type III sums of squares analysis show
that all the models could hold the nominal Type I error rate (~ 5%) regardless of ICC values, except
the unadjusted model. Ignoring the center effect (unadjusted model), the Type I error rate was
decreasing dramatically as ICC values increased, which was in agreement with the finding by
Parzen et al. (1998). Meanwhile, models incorporating treatment-by-center term could provide less
efficiency (power < 80% for T = 0.4). As it was discussed before, for most balanced designs, the
point estimator of 8 could be simplified to B5,yz = Brs = (X'X)~ X'y, which does not depend on
the variance components. REML estimator of fixed effect § were the same as Type III sum of
squares estimators. However, the hypothesis test and 95% confidence interval for fixed effect rely
on estimating variance components and types of statistics for hypothesis testing. F-statistics for
Type III sum of squares, constructed to test hypothesis by a ratio of two mean squares, always
have good properties. For the REML procedure, the estimated standard errors (i.e. a’(X'£71X)~a)

for small sample inference of fixed treatment effect is too small without adjustment. It could further
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cause a deficient Type I error rate and loss of power (shown in Fig 2.6 and 2.7). For this situation,
Kackar and Harville (1984) and Kenward and Roger (1997) have provided an adjustment to the
estimated standard errors of the fixed effects. Also, it needs to assess the degrees of freedom to
associate with a standard error by using the generalization of the Satterthwaite approximation
(Geisbrecht & Burns, 1985). In the SAS-Mixed procedure, REML using the DDFM = KR option
could provide better results than without adjustment in lifting Type I error rate to nominal level
and more efficient power.

Under heterogeneous scenarios (g, > 0), no matter the type III sums of squares or REML
applied, fixed-effects or random-effects model without correction led to inflated type I error rates
and falsely high power. Furthermore, this issue got worse as o, value got larger. No significant
difference was observed in type I error rates across ICC levels for all models except the simple
regression model.

In this study, datasets were generated that the treatment effects were homogeneous and
heterogeneous among centers, both fixed-effects and random-effects with correction models gave
great coverage rate. In contrast, other models failed to get close to the nominal level, especially
with large o3 values. The coverage rates were not affected by ICC, except for the unadjusted
model.

d) Conclusion

We used simulations to investigate the performance of six statistical approaches advocated
to analyze continuous outcomes in multicenter RCTs only considering the center factor. Our
simulation study demonstrated that it is crucial to investigate the random effect initially as a
prerequisite for the final analysis of the fixed effect. In summary, when the number of centers is

small, hypothesis testing for random effect using Type III sum of squares provided valid and
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reliable results if the under model is not mis-specified (e.g., not missing nonzero interaction effect).
REML is not a good option if the model includes center or treatment-by-center interaction as a
random effect. When treatment-by-center interaction effect was significantly present, including a
random interaction term is essential. The absence of a random interaction term can lead to a failure
to account for those potentials adequately. Moreover, it potentially leads to incorrect inferences
and hypothesis tests.

All six models produced unbiased estimates of treatment effect in all the scenarios.
Ignoring the center as fixed or random effects resulted in a less efficient treatment effect hypothesis
test in all scenarios as ICC values increased. When REML is applied in RCTs with a small number
of centers, the KR adjustment approach can effectively address low Type I error rates and low
power concerns. Fixed-effects with an interaction model is an alternative way to adjust for the
center (when the number of centers is small). However, it could be less efficient than the

fixed/random-effects model including random interaction effects under most circumstances.
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Figure 2.3. Type I error rate for hypothesis test of %, = 0 or T,, = 0 under different scenarios for
‘appropriate’ and ‘inappropriate’ methods of analysis.

1.0 - Method: REML Method: REML Method: REML
0.8 Var of T*C: 0.1 Var of T*C: 0.2 Var of T*C: 0.3

0.6 —| E-----&A----- Yy, I--m- =
04 | E---AE - Eo- AR

0.2 -
§ 0.0 |&8----&----8----&8----8 | 8----&----&----8----8 | &----8---—-8----8---—-8
Q? 1.0 — Method: Type II1 Method: Type 111 Method: Type 111
Var of T*C: 0.1 Var of T*C: 0.2 Var of T*C: 0.3
0.8 ------mmmmmmm oo [ g T LWl
0.6 | &----- e R - H

0.4 -| B--—-B-—--g----E--H

0.2
0.0 -

T T T T T T T T T I T T T T
0 025 05 075 099 0 025 05 0.75 099 0 025 05 075 0.99

ICC
Model

/A Fixed-effects with interaction [J Random-effects with correction O Fixed-effects with correction

Figure 2.4. Power for hypothesis test of %, = 0 or T, = 0 under different scenarios for ‘appropriate’ and
‘inappropriate’ methods of analysis.
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Figure 2.5. Type I error rate for hypothesis test of 2 = 0 or T, = 0 under different scenarios for
‘appropriate’ and ‘inappropriate’ methods of analysis.

Method: REML with KR Method: REML without KR Method: Type III with KR Method: Type III without KR
1.2 4 Icc: 0.25 Icc: 0.25 Icc: 0.25 Icc: 0.25
L e — = =aE =
b N &
R E-----=-- e - T b LT T . €= T LR -
B---e-- B-mmee- - -8
Method: REML without KR Method: Type III with KR Method: Type III without KR
ICC: 0.5 ICC: 0.5 ICC: 0.5

E 0.0 o &------- - B------- -8 | 8- 8------- 8------- =
g? Method: REML with KR Method: REML without KR Method: Type III with KR Method: Type III without KR
1.2 - 0.75 Icc: 075 Icc: 075 Icc: 0.75

Method: REML with KR Method: REML without KR Method: Type III with KR Method: Type III without KR
1.2 H 1cc: 0.99 Icc: 0.99 Icc: 0.99 Icc: 0.99
N Ar-mneeee et [ SRR Armemeenee Brmnemeen & | & & #* & | & - - &
(R e e i e S iy
0.4
0.0 - &------- e B | B e B =y

0.0 0.1 0.2 0.30.0 0.1 0.2 0.30.0 0.1 0.2 0.30.0 0.1 0.2 0.3
Variance of T*C

Model
<> Random-effects + Fixed-effects A Fixed-effects with interaction
[J Random-effects with correction O Fixed-effects with correction

Figure 2.6. Power for hypothesis test of 62 = 0 or T, = 0 under different scenarios for ‘appropriate’ and
‘inappropriate’ methods of analysis.
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Figure 2.7. Type I error rate for hypothesis test of T = 0 when treatment effect is homogeneous across
treatment groups (0% = 0) under different scenarios for ‘appropriate’ and ‘inappropriate’ methods of
analysis.
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Figure 2.8. Type I error rate for hypothesis test of T =0 when treatment effect is heterogeneous across
treatment groups (62, > 0) under different scenarios for ‘appropriate’ and ‘inappropriate’ methods of
analysis.
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Figure 2.9. Empirical power for hypothesis test of T =0 when treatment effect is homogeneous across

treatment groups (0% = 0) under different scenarios for ‘appropriate’ and ‘inappropriate’ methods of
analysis.
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Figure 2.10. Empirical power for hypothesis test of T = 0 when treatment effect is heterogeneous across

treatment groups (o2, > 0) under different scenarios using Type III sum of squares for ‘appropriate’ and
‘inappropriate’ methods of analysis.
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Figure 2.11. Average of Estimated T (true value is 0.4) with 95% Confident Intervals across 1000
simulations by ICC when treatment effect is homogeneous across treatment groups (g% = 0) under
different scenarios for ‘appropriate’ and ‘inappropriate’ methods of analysis.
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Figure 2.12. Average of the estimated standard error (SE) for treatment effect T (true value is 0.4) across
1000 simulations by ICC when treatment effect is homogeneous across treatment groups (% = 0) under
different scenarios for ‘appropriate’ and ‘inappropriate’ methods of analysis.
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Figure 2.13. The simulation or empirical standard deviation (SD) of the estimated T (true value is 0.4)
across 1000 simulations by ICC using Type III sum of squares under homogeneous and heterogeneous
scenarios for ‘appropriate’ and ‘inappropriate’ methods of analysis.
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Figure 2.14. Bias of the estimated 7 (true value is 0.4) across 1000 simulations by ICC when treatment
effect is homogeneous across treatment groups (6% = 0) under different scenarios for ‘appropriate’ and
‘inappropriate’ methods of analysis.
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Figure 2.15. MSE of the estimated 7 (true value is 0.4) across 1000 simulations by ICC using Type III sum
of squares under homogeneous and heterogeneous scenarios for ‘appropriate’ and ‘inappropriate’ methods
of analysis.
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Figure 2.16. The coverage rate of the 95% confidence interval for the estimated t (true value is 0.4) across
1000 simulations by ICC under different scenarios for ‘appropriate’ and ‘inappropriate’ methods of
analysis.
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2.2 Center Effect with Other Covariates

We illustrate some general adjustment approaches using the typical example, where there

were two covariates of interest, center and litter. For simplicity, we start with two treatment groups.

Yijie =+ 7+ B + Vi) + Singjy + €ijits
i=1,2,j=1,....,c,k=1,...,r,1=1,..,n
(2.38)

where Y; j; represents a continuous outcome measured for the /th subject in the jth center
and kth litter receiving the ith treatment (control or treatment group). u represents an intercept
term (the overall response mean). The treatment effects 7;’s are fixed, with };; t; = 0. The additive
effect of the jth center, B}, the kth litter, y (), and the ith treatment in the kth litter, &y, are
random variables. And then, ,Bj S, Yk(j) S> and eijk s are all independent with ﬁj ~ N(0, 62),
Vi) ~ N, 67), Sy jy~ N(O, 05), and e; 5 ~ (0, 02).

Our preliminary study shows that an inappropriate approach for hypothesis tests of center
and interaction effects could lead to incorrect decisions for removing the center/interaction term
from the full model. Furthermore, it will result in the misspecification of the final model for the
inference of the treatment effect. For instance, applying the REML method on a mixed model
when the number of centers is small, it could accidentally drop the interaction random terms based
on their significant level of test. These failures to do so can lead to an invalid inference for
treatment effect, including (i) missing interaction random term: inflated Type I error rate and
falsely high power; (ii) missing center random term: SEs for treatment effect biased upwards,
resulting in too wide confident intervals and a power reduction. In this section, we explored the
effect of missing random effects on more complex scenarios, and which approaches are more

robust.
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2.2.1 Simulation Study
a) Data Generating

In this simulation study, we used Monte Carlo simulation to assess the performance of
three statistical models to analyze a multicenter study considering center and litter effects with a
continuous outcome when the litter level is small (number of litters is only 5), and the number of
centers varies (i.e., 5, or 25). We generated continuous outcomes, Y, using the mixed-effects linear
regression model as Eq. 2.38. We generated the random error, &4, from N (0, 67 = 0.5).

To investigate the impact of missing random effects, we generated a three-way interaction
random effect ¢f  (with 20 or 100 levels), a litter within center random effect
02 (with 25 or 125 levels), and a center random effect 62 (with 5 or 25 levels). A catalog of
simulation designs is shown in Table 2.7. To comprehensively study the behavior of candidate
models for un-modeling random effects, we mainly focused on the interpretation of the results on
three scenarios as follows,

(a) Scenario 1: 62 = 0.17, 62 = 0, and 6% =0,

(b) Scenario 2: 62 = 0.23, 62 = 0.2, and 6% = 0,

(c) Scenario 3: 62 = 0.3, 62 = 0.2, and 62 = 0.2.

Table 2.7. The catalog of simulation designs

Center Level,

Scenario o? oF o T Litter N/litter
1-8  0,0.17, 0 0
9-16 0.23 0.2 0,04 5 =0, 20
1724 0,023, 0 o 2, N
25-32 0.30 0.2 '
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b) Performance Measures
For each scenario, we generated 10,000 hypothetical trial datasets, expecting small errors
due to the large number of simulations. Then, we applied three statistical models (shown in Table
2.7) with Type III or REML to each simulated dataset. We purposefully mis-specified models in
some scenarios by ignoring additional data structure.
For each simulation scenarios and model, we evaluated the parameters as follows,
1) For model 1, the estimated £ for the fixed treatment effect 7, 62 for the random center
effect o, 7, for the fixed litter effect y;, and 67 for the residual o7.
2) For model 2, the estimated £ for the fixed treatment effect 7, 62 for the random center
effect 62, 6 for the random litter (center) effect 6,2, and 62 for the residual o2.
3) For model 3, the estimated £ for the fixed treatment effect 7, 62 for the random center
effect 62, 672 for the random litter (center) effect o , 62 for the random A X C X L
interaction effect 6%, and 62 for the residual 2.
Additionally, we estimated the following measures for treatment effect :
1) Type I error rate (when the true T = 0) and Power (when the true 7 > 0).
2) Average of Point estimated t and estimated SE for 7, with simulation standard
deviation (SD) for 7.
3) Bias and mean squared error (MSFE) of the point estimator of treatment effect t.
4) Empirical coverage rate of the 95% confidence intervals (CIs) around .
The details of explanation as the same as section 2.1.4.2 - part b). All datasets were

simulated and analyzed in SAS software (version 9.4).
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Table 2.8. Descriptions of Three Models

Item Model! Note

Model 1 Yiimi=pu+t+ B +vi+eju p; is random, and y; is fixed
Model 2 Yijie = u+ 7+ B + v + €ijra B; and yy ;) are random
Model 3 Yijkl =u+rt+ ,Bj + ]/k(]') + 6ik(j) + €ijki ,Bj, Yk(j) and 6ik(j) are random

'where y; jk1 represents a continuous outcome measured for the /th subject in the kth litter and jth center receiving the
ith treatment (control or treatment group).

¢) Results and Discussion

Missing random effect predictors had little effect on the fixed effect estimates but had
systematic impacts on the estimates of random effects (Figure 2.17-2.22). The variance due to the
un-modelled random effect was almost entirely absorbed by the nested random effect variance of
interest. The residual variance absorbed most of the variance arising from the unmodelled random
effect, and only a small fraction appeared in the random effect of other interests. As the number of
centers got larger (n, = 25), the variance of residual has absorbed more the unmodelled random
components. Under scenario 3, both model 1 and model 2 were mis-specified models that were
missing random effects. Since model 2 included the litter effect as random instead of fixed (in
model), variance of litter effect also was absorbed some fraction unmodelled random component.
It was resulting in the smaller estimates of residual in model 2 than model 1.

Table 2.12 — 2.14 summarized descriptive statistics of the point estimator of treatment
effect in all Models for selected scenarios in the balanced design. Overall, the point estimates of T
were unbiased in all three of the Type Il and REML methods models. Surprisingly, point estimates
of fixed effect for all models were identical in scenarios with the same center size, even for some
scenarios with missing random effects as described above. When the design is balanced, the point
estimate of T doesn’t depend on the random effect estimate. In other words, when treatments are
allocated in the same proportion in all center-by-litter groups, all random effects such as center,

litter (center), or three-way interaction have no association with the treatment allocation, hence
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adjusting for these random effects or not have little impact on the point estimate of the treatment -
response relationship given a continuous response variable. Thus, different approaches to
incorporate these covariates’ information resulted in the same treatment contrast estimates in a
balanced design.

Furthermore, the same point estimates across 10,000 Monte Carlo simulations led to the
estimator's identical empirical SD and overall error rate (measured by MSE) for 7 in all Models
(true model or missing random term model) for scenarios with the same center size. When the
center number was only 5, the miss-modeling random effect (Model 1 and 2) tended to slightly
underestimate the standard error of 7, compared to Model 3. This difference reduced as the center
number increased.

In this study, some datasets were generated that the treatment effects were heterogeneous
among center-by-litter groups (i.e., nonzero A X C X L three-way interaction), the fixed-effects
analysis (Model 1, litter as fixed effect) performed better than random-effects analysis (Model 2,
litter as random effect), especially when the center number was larger. However, when the
treatment effects were homogeneous among center-by-litter groups (i.e., no A X C X L three-way
interaction) along with nonzero litter (center) effect, random-effects analysis (Model 2, litter as
random effect) outperformed the fixed-effects analysis (Model 1, litter as fixed effect) regardless
of center size. Model 3 considered the observed “heterogeneity” for obtaining the precise point
estimate and the associated standard error for the treatment effect t, thereby ensuring the validity
of hypothesis testing.

The statistical Type I error rate, power analysis, and the empirical coverage of 95%
confidence in balanced studies are displayed in Figure. 2.22 - 2.24. Regardless of Type III or

REML applied, the models under fulfilled assumptions produced a nominal value of 95% for
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coverage rate, a nominal value of 5% for Type I error rate and > 80% power. When missing random
effect in models (Model 1 and Model 2) for scenarios with nonzero o# (shown in (c) of Figure.
2.22 - 2.24) and small center size (n. =5), Model 1 and Model 2 provided the inflated Type I error,
false power, and low coverage rate of the 95% confidence interval for the estimated 7, due to
underestimated SE for 7. As center size increased (n, = 25), this issue improved in terms of the
nominal value of 5% for Type I error rate, reliable power, and above 95% coverage rate. Since
some datasets that the litter (center) effects were generated as random (shown in (b) of Figure.
2.22 - 2.24), random-effects analysis (Model 2, litter as random effect) outperformed the fixed-
effects analysis (Model 1, litter as fixed effect) regardless of the number of centers in terms of the
nominal value of 5% for Type I error rate.
d) Conclusion

In this study, we investigated the performance of three statistical models using Type III or
REML, which have been commonly recommended for analyzing continuous outcomes in
multicenter randomized clinical trials. This simulation study revealed that all three models
produced unbiased estimates of treatment effect in balanced cases, regardless of modeling or un-
modeling non-zero random effect. Despite this, if treatment effects were heterogeneous among
center-by-litter groups, inappropriate models (i.e., missing random effects) could underestimate
the standard error of the effect estimates when a small number of centers were involved, resulting

in incorrect inference.
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Figure 2.17. Parameter estimates of interest for Model 1 under fulfilled assumptions (oz = 0.17, a5 = 0,
and 6 =0). The three columns show the distribution of point estimates across 10,000 replicated simulation
runs for the fixed effect slope, the center variance, and the residual variance. The simulated true value is
shown as a red dashed line, and the mean of the estimated values is shown as a grey dashed line.
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Figure 2.18. Effect of missing random effects on Parameter estimates of interest for Model 1 (¢ = 0.23,
=0.2, and 6% = 0). The three columns show the distribution of point estimates across 10,000 replicated

simulation runs for the fixed effect slope, the center variance, and the residual variance. The simulated true

value is shown as a red dashed line, and the mean of the estimated values is shown as a grey dashed line.
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Figure 2.19. Effect of missing random effects on Parameter estimates of interest for Model 1 (oz = 0.3,
=0.2, and 64 =0.2). The three columns show the distribution of point estimates across 10,000 replicated

simulation runs for the fixed effect slope, the center variance, and the residual variance. The simulated true

value is shown as a red dashed line, and the mean of the estimated values is shown as a grey dashed line.
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Figure 2.20. Parameter estimates of interest for Model 2 under fulfilled assumptions (oz = 0.23, a7 = 0.2,
and 6 = 0). The four columns show the distribution of point estimates across 10,000 replicated simulation
runs for the fixed effect slope, the center variance, the litter (center) variance, and the residual variance.

The simulated true value is shown as a red dashed line, and the mean of the estimated values is shown as a
grey dashed line.
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Figure 2.21. Effect of missing random effects on Parameter estimates of interest for Model 2 (oz = 0.3,
0% =0.2, and 63 = 0.2). The four columns show the distribution of point estimates across 10,000 replicated
simulation runs for the fixed effect slope, the center variance, the litter (center) variance, and the residual
variance. The simulated true value is shown as a red dashed line, and the mean of the estimated values is
shown as a grey dashed line.
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Figure 2.22. Parameter estimates of interest for Model 3 under fulfilled assumptions (az = 0.3, o5 = 0.2,
and 64 =0.2). The five columns show the distribution of point estimates across 10,000 replicated simulation
runs for the fixed effect slope, the center variance, the litter (center) variance, the A X € X L variance, and
the residual variance. The simulated true value is shown as a red dashed line, and the mean of the estimated
values is shown as a grey dashed line.
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Figure 2.23. Type I error rate for hypothesis test of T = 0 for model under scenarios with small or medium center number (5 vs 25) using Type 111
or REML. (a) Scenario 1: a7 =0.17, o = 0, and a% =0; (b) Scenario 2: gz = 0.23, o5 = 0.2, and a?; =0; (c) Scenario 3: 6% = 0.3, 62 =0.2, and ag

=0.2.
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Figure 2.24. Power analysis for hypothesis test of T = 0 for model under scenarios with small or medium center number (5 vs 25) using Type III or
REML. (a) Scenario 1: 62 =0.17, 6% = 0, and 63 = 0; (b) Scenario 2: 62 = 0.23, 62 = 0.2, and 65 = 0; (c) Scenario 3: 62 =0.3, 62 =0.2, and 63 =

0.2.

60



1205 #of Center: 5 # of Center: 25 120 1 #of Center: 5 #of Center: 25
100 o  04.8094.739542  04.8094.7804.03 94.8704.6694.95  94.8794.8994.85 100 o 967094 4695.45 967004 4645 5o 974795019545 974795010481
S 8o S 80
5 g
% 60 — g 60 —
g g
2 404 2 40+
g g
@) @)
20 20
0 0
( ) REML Type III REML Type III (b) REML Type III REML Type III
a
1205 # of Center: 5 #of Center: 25
100 94.14 94.14 94.19 94.90  94.19
89.58
S
% U
5 66.52
8 60 —
2
= 40 -
g
O
20
0
REML Type 11 REML Type 11

[0 Model 1 W Model 2 Il Model 3 |

(c)
Figure 2.25. The coverage rate of the 95% confidence interval for the estimated T = 0.4 across 10,000 simulations for model under scenarios with
small or medium center number (5 vs 25) using Type III or REML. (a) Scenario 1: 6% = 0.17, 6% = 0, and 65 = 0; (b) Scenario 2: 62 = 0.23, 62 =
0.2, and a% =0; (c¢) Scenario 3: 0z = 0.3, 65 = 0.2, and a?; =0.2.
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Table 2.9. Properties of point estimates of the treatment effect T for models using Type III or REML under scenario
(6% =0.17, 62 =0, and 65 = 0) with small or medium center size (5 vs 25).

REML Type IIT

Center
T size Model' | Meaneffect + SD Bias MSE Avg.SE Meaneffect + SD Bias MSE Avg.SE

0 5 Model 1 | -0.002 £ 0.063  -0.002 0.004 0.063 -0.002 £ 0.063  -0.002 0.004 0.063
Model 2 | -0.002 £ 0.063  -0.002 0.004 0.063 -0.002 £ 0.063  -0.002 0.004 0.063

Model 3 | -0.002 £ 0.063  -0.002 0.004 0.065 -0.002 £ 0.063  -0.002 0.004 0.063

25  Model 1| -0.001+0.063 -0.001 0.004 0.063 -0.001 £ 0.063 -0.001 0.004 0.063
Model 2 | -0.001 +£0.063  -0.001 0.004 0.063 -0.001 £ 0.063 -0.001 0.004 0.063

Model 3 | -0.001 £ 0.063  -0.001 0.004 0.064 -0.001 £ 0.063 -0.001 0.004 0.063

0.4 5 Model 1 |  0.400 £ 0.063  -0.000 0.004 0.063 0.400 £ 0.063  -0.000 0.004 0.063
Model 2 |  0.400 £ 0.063  -0.000 0.004 0.063 0.400 £ 0.063  -0.000 0.004 0.063

Model 3 | 0.400 £0.063  -0.000 0.004 0.065 0.400 £ 0.063  -0.000 0.004 0.063

25  Model1| 0.400+0.063  -0.000 0.004 0.063 0.400 £ 0.063  -0.000 0.004 0.063
Model 2 | 0.400 £ 0.063  -0.000 0.004 0.063 0.400 £ 0.063  -0.000 0.004 0.063

Model 3| 0.400 £ 0.063  -0.000 0.004 0.064 0.400 £ 0.063  -0.000 0.004 0.063

! For this scenario, all three models were over-specified models.
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Table 2.10. Properties of point estimates of the treatment effect T for models using Type III or REML under scenario
(6% =0.23, 62 = 0.2, and 63 = 0) with small or medium center size (5 vs 25).

Center REML Type IIT

T size Model' | Meaneffect + SD Bias MSE Avg.SE Meaneffect + SD Bias MSE Avg.SE
0 5 Model 1 |  0.000 + 0.063 0.000 0.004 0.071 0.000 £+ 0.063 0.000 0.004 0.071
Model 2 |  0.000 + 0.063 0.000 0.004 0.063 0.000 £+ 0.063 0.000 0.004 0.063
Model 3 | 0.000 & 0.063 0.000 0.004 0.067 0.000 £+ 0.063 0.000 0.004 0.063
25  Modell | -0.001 £0.063 -0.001 0.004 0.073 -0.001 £ 0.063  -0.001 0.004 0.073
Model 2 | -0.001 £0.063  -0.001 0.004 0.063 -0.001 £ 0.063  -0.001 0.004 0.063
Model 3| -0.001 £0.063  -0.001 0.004 0.064 -0.001 £ 0.063  -0.001 0.004 0.063
0.4 5 Model 1 | 0.401 £+ 0.063 0.001 0.004 0.071 0.401 + 0.063 0.001 0.004 0.071
Model 2 | 0.401 + 0.063 0.001 0.004 0.063 0.401 + 0.063 0.001 0.004 0.063
Model 3 | 0.401 &+ 0.063 0.001 0.004 0.066 0.401 + 0.063 0.001 0.004 0.063
25  Model 1 | 0.400 £ 0.063 0.000 0.004 0.073 0.400 + 0.063 0.000 0.004 0.073
Model 2 | 0.400 + 0.063 0.000 0.004 0.063 0.400 + 0.063 0.000 0.004 0.063
Model 3 | 0.400 % 0.063 0.000 0.004 0.064 0.400 + 0.063 0.000 0.004 0.063

! For this scenario, Model 1 was specified litter (center) effect 7, as fixed, Model 2 was under fulfilled assumptions, and
Model 3 was an over-specified model.
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Table 2.11. Properties of point estimates of the treatment effect T for models using Type III or REML under scenario
(6% =0.3, 6% =0.2, and 6% = 0.2) with small or medium center size (5 vs 25).

REML Type IIT

Center
T size Model' | Meaneffect + SD Bias MSE Avg.SE Meaneffect + SD Bias MSE Avg.SE

0 5 Model 1 | 0.001 &+ 0.143 0.001 0.021 0.080 0.001 £ 0.142 0.001 0.021 0.080
Model 2 | 0.001 &+ 0.143 0.001 0.021 0.069 0.001 £ 0.142 0.001 0.021 0.069

Model 3 | 0.001 &+ 0.143 0.001 0.021 0.140 0.001 £ 0.142 0.001 0.021 0.140

25  Modell | 0.001 £0.084 0.001 0.007 0.082 0.001 £ 0.084 0.001 0.007 0.082
Model 2 | 0.001 & 0.084 0.001 0.007 0.071 0.001 £ 0.084 0.001 0.007 0.071

Model 3 | 0.001 & 0.084 0.001 0.007 0.085 0.001 £ 0.084 0.001 0.007 0.085

0.4 5 Model 1| 0.399 +£0.140  -0.001 0.020 0.080 0.399 +£0.140  -0.001 0.020 0.080
Model 2 | 0.399 +£0.140  -0.001 0.020 0.069 0.399 +£0.140  -0.001 0.020 0.069

Model 3| 0.399 +£0.140  -0.001 0.020 0.140 0.399 +£0.140  -0.001 0.020 0.140

25  Modell [ 0.400 £ 0.085 0.000 0.007 0.082 0.400 £ 0.085 0.000 0.007 0.082
Model 2 | 0.400 % 0.085 0.000 0.007 0.071 0.400 £ 0.085 0.000 0.007 0.071

Model 3 | 0.400 % 0.085 0.000 0.007 0.085 0.400 £ 0.085 0.000 0.007 0.085

! For this scenario, Model 1 was missing random effects g7 with fixed parameter ,,, Model 2 was missing random
effects o, and Model 3 was under fulfilled assumptions.
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Chapter 3 - Multicenter Randomized Clinical Trials with Binary

Outcomes

In Chapter 2, we have shown that analyses of multicenter RCTs with continuous outcomes
often need to account for the center, other covariates and interaction effects to ensure valid
inference. This chapter will discuss when and how to account for these variables for binary
outcomes appropriately. Since the analysis of multicenter RCTs with binary outcomes accounting
for center and other covariates is more complicated, we first explored the common method.

In medical research, when comparing two treatments using binary data, the odds ratio, rate
ratio (often called relative risk or risk ratio), and risk difference are frequently specified as primary
measures. The risk difference is an absolute measurement of effect, whereas the relative risk and
the odds ratio used more in medical research are relative measurements for comparing outcomes.
In some studies, the odds ratio is preferred because the inference of it is straightforward since it
has a straight relationship with the regression coefficient in a logistic regression model. However,
relative risk is used more than the other two parameters in randomized clinical trials, especially
since the two relevant proportions are probably both small (Wang & Shan, 2015).

In this chapter, we are interested in the ICC on the logistic scale, which can be written as

the proportion of the total outcome variance that is due to between-center variation:

(3.1)

As the same as Multicenter RCTs with continuous outcomes, most studies with binary
outcomes also assume that the treatment effects were homogeneous across all centers, that is, no

treatment-by-center interaction (Edgar et al., 2021; Kahan, 2014; Kim et al., 2020). However, we
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suspect that the constant treatment effect assumption may not be satisfactory in the real world.
Thus, an extension from Chapter 2, when 62 # 0, which means the treatment effects were
heterogeneous among ‘block’ groups, then p, is defined as

ol — ofc/(k — 1)

S22

3

pe =

o2 + o +

(3.2)

For this chapter, we investigated (1) the appropriate method for model estimates of interests

under balanced and unbalanced cases; and (2) the consequences of missing random effect
components on model estimates of interests.

3.1 Single-center RCT Example

Let’s consider a single-center RCT first. Suppose we are interested in estimating the overall
treatment efficacy. More specifically, in veterinary biologics, a clinical study assesses a vaccine’s
ability to prevent clinical disease. Generally, the measurement for prevention is estimated through
evaluation on an individual basis, a binary outcome associated with a case definition of disease
(affected or unaffected) (Wakeland & Fergen, 2016). Then, those binary outcomes were
aggregated within treatment groups to estimate the proportion of affected animals for that group.
Prevented Fraction (PF) is the primary conclusion criterion suggested by the USDA (Reference
VSM 800.202) to support the licensure of a vaccine having efficacy. PF is the complement of the
relative risk (1 — ¢), where ¢ = pi/po. Here, p; represents the affected fraction in the experimental
product group, and py represents the affected fraction in the placebo group.

More often, in randomized controlled efficacy studies, blocking or stratifying factors (e.g.,
housing, gender, or litter) need to be considered in statistical methods to estimate the PF. The ideal

study design utilizes a 1:1 allocation rule for randomizing animals to the treatment and control
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groups within blocks. However, in real-world studies, achieving balance in each block is not

always possible. Thus, the overall relative risk must be estimated across strata of varying sizes.
3.2 Adjustment Models

We use either a marginal or conditional model to account for blocking or stratified
variables. The common conditional models include a mixed-effects logistic regression model with
a random intercept for covariates, one of the generalized linear mixed models (GLMMs), and the
Cochran Mantel Haenszel approach. The marginal model is recommended for generalized
estimating equations. Both marginal and conditional models target to estimate the difference
between treatment groups (e.g., odds ratio and relative risk), and generally, the true value of these
estimands is different (Hauck et al., 1998; Robinson & Jewell, 1991). In marginal models, these
estimands compare the treatment effect difference for subjects across strata, whereas, in
conditional models, they compare the treatment effect difference for subject across strata. If no
treatment effect exists or the ICC is zero, the estimates for marginal and conditional models are
identical (Kim et al., 2020). As the ICC increases, the difference between these two types of
estimands’ values increases.

3.2.1 Cochran-Mantel-Haenszel (CMH)

When analyzing stratified 2 X 2 tables, the standard procedure used to estimate overall
relative risk was introduced by Cochran (1954), who first proposed a hypothesis test for the
difference in proportions across strata. Mantel and Haenszel (1959) proposed a very similar test
and introduced an estimator for a common odds ratio, which also approximates the relative risk
under most case-control study circumstances with low prevalence. Rothman and Boice (1979) first
proposed a relative risk estimator, which is analogous to the Mantel-Haenszel estimator for the

odds ratio. We refer to this class of estimation procedures for the relative risk as Cochran-Mantel-
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Haenszel (CMH), and the estimate of the common ¢ is also called the Mantel-Haenszel estimator.
An example of the type of table required for CMH ¢ estimates is shown in Table 3.1.

Table 3.1. The Contingency table for stratum 4 required CMH relative risk estimates'.

Treatment Group Health Status

Condition Absent (0) Condition Present (1) Total
Vaccine (1) Np11 Np12 Np1.
Placebo (0) Np21 Np22 Npa,
Total Ny Np.2 np

h=1,.. H.
Specifically, the estimator of the common relative risk (¢) for Condition Present (column 2)

inh=1,..., Hstratified 2 X 2 tables is given by (Rothman & Boice, 1979)

h h
Pemn = (Zi=1nh12nh2./nh)/(Zi=1nh22nh1./nh)

(3.3)
which is a within-stratum comparison, where the treatment effect is calculated within each stratum
and then combined for an overall effect.

This estimator remains consistent both in sparse-stratum (4 increases with n) or large-
stratum (4 fixed but n increases) asymptotes (Agresti & Hartzel, 2000). Then, it provides an
excellent approximation to the maximum likelihood estimator, and this approach does not assume
a large sample size compared to the number of strata. The strata size does not need to be equal,
and even if some cell counts are extremely small or zero, the CMH estimator remains well-defined.
Therefore, it should give valid results even in some situations with small numbers in strata (Kim
et al., 2020). Under standard asymptotic, the CMH estimator is preferred since it’s very efficient
and practical to use.

To construct the confidence interval for the common ¢, Greenland and Robins (1985)

variance estimate for log (¢) is used. That is,
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Z?=1 (Mg Ny — nh12nh22nh)/"r21
(Z?:l nh12nh2./nh)/(2?=1 Mp22Mp1./Mn)

62 = Var(log (peun)) =

(3.4)

Therefore, the 100(1- @)% confidence limits for the common relative risk is

($CMH X exp(—z6), $CMH X exp(z4))

(3.5)

The CMH approach is not recommended for multi-way tables, which have more than two
levels of the variables being analyzed. For this case, CMH can account for these covariates by
forming strata from all combinations of covariates (including center) in the analysis, then
estimating the treatment effect within each stratum. However, including many covariates may
reduce power. Furthermore, this can easily lead to large strata levels, which increases the chances
of some strata being dropped from the analysis because only one type of event is observed in a
particular stratum. Another limitation is the CMH test assumes that the treatment effect is the same
for all levels of the stratifying variable, which may not always be the case, especially since the
stratifying variable is a combination of several covariates. Meanwhile, the test also assumes that
the subjects are independent, which may not be true in certain situations.

3.2.2 Generalized Linear Mixed Models (GLMMs) with Delta Method

Although logistic regression is suitable for analyzing common outcomes with adjustment
of other covariates, in public health, the focus is often on estimating the relative risk. Logistic
regression for binary outcome data typically gives an adjusted odds ratio (OR) estimate, not a
relative risk. Only for studies of rare disease (< 10 %), logistic regression is designed to provide
an adjusted odds ratio that approximates the adjusted relative risk (McNutt, 2003a). Sometimes, it

could be incorrect when applied to the common disease or intervention study in animal health.
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Zhang and Yu (1998) have proposed a method to convert ORs to RRs by equation RR =
OR/([1 — pol + [po X OR]), where OR and p, are estimated directly from the logistic regression
model. They also applied this equation to the lower and upper confidence limits of ORs to correct
the lower and upper limits of the confidence interval for RRs. However, some authors argued that
the confidence interval proposed by this method would be too narrow (Localio et al., 2001; McNutt,
2003b). Another option is the log-binomial regression model, which replaces the logit link with a
log link in GLMM. This model estimates relative risk directly by exponentiation of the estimated
regression coefficient.

In this chapter, our interest is a conditional model of estimating PF (i.e., 1 - RR), and the
corresponding confidence intervals are based on the delta method with logistic regression. For a
binary response variable Y and treatment variable X (0, control; 1, treated), let m(x) = P(Y = 1|[X =
x)=1- P(Y=0|X=x). Then, a random intercept in a mixed effects logistic regression model can

be written as:

T[ij

logit (nij) = log = ,Bxij + u;

1-— T[i]
(3.6)

where u; is the effect of the j th stratum generally assumed to follow a normal distribution with
mean 0 and variance 2. The parameter o2 provides a summary of the variation among strata, and
we assume a common [§ across strata.

Generally, random effects assume a large sample size and have not been evaluated in
settings with unbalanced cases of small sample sizes. Also, it assumes that the stratum effects

follow a normal distribution, which may be an unrealistic assumption.
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3.2.3 Generalized estimating equations (GEEs)

The GEE log-binomial regression model is the suited marginal model applied in RCTs with
binary outcomes, and it produces an unbiased estimate of the adjusted relative risk in general
(McNutt, 2003b). However, since the probability of the outcomes must fall within [0,1], in some
situations, the log-binomial regression model does not converge to provide parameter estimates
(Localio et al., 2007). Another potential cause of failure to converge may be software programs
utilizing insufficient default convergence criteria. This issue can be addressed by demanding more
iterations during the modeling fitting process (McNutt et al., 2003; Skove et al., 1998).

In contrast to the log-binomial regression model, the Poisson regression model has no
difficulty with convergence (McNutt, 2003b). Generally, the GEE log-binomial and log Poisson
models take the same form, assuming either a binomial or Poisson distribution for outcomes, which
is written as:

log (nij) = Bx;j + u;

(3.7)

The relative risk is then given by exp (f). Poisson regression without robust error
variances is commonly not suggested when applied to binomial data because it may result in a
conservative confidence interval due to overestimated error for relative risk (Fang, 2011). Zou
(2004) has proposed a “modified Poisson” method to estimate the RR using a robust error variance
procedure known as sandwich estimation. Typically, the first step is to make a misspecification of
the distribution for Poisson regression when the underlying data are binomially distributed. Then,
robust sandwich SEs for the appropriate correction could be given by misspecification of a
working correlation structure in the model (e.g., independent, exchangeable). In SAS software,
sandwich error estimation can be implemented using the PROC GENMOD procedure with the

REPEATED statement. Since it produces unbiased SE estimates, GEE models with robust
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variance estimators are more likely to be employed. The only problem would be that this model
relies on asymptotic theory that needs to assume a large number of strata. Thus, when the number
of strata is small, GEEs with robust SEs lead to an inflated type I error rate (Kahan et al., 2016;
Mancl & DeRouen, 2001).

Table 3.2. Working Correlation Matrix for robust sandwich error estimator.

Working Correlation

: 1
Type Structure Estimator

1=k
0,j#k

1 K
] a=— i ejje;
Lj=k (N* —p)¢ Zi=1ﬁ2j<k uo

a,j+k i K
N*=10.5 E ] 1fieijeik
=

! The dispersion parameter is ¢ estimated by ¢ = N—ip YKL fi 27;1 el-zj, where N = Y5, fin; is the total number

Independent Corr (yi i yik) = { The working correlation is not estimated in this case.

Exchangeable C orr(yi i yik) = {

of measurements and p is the number of regression parameters.

3.3 Preliminary Study

The aims of this preliminary study were: (i) to compare the relative performance of three
methods for estimating PF (i.e., 1 — RR); and (i7) to make recommendations about which method(s)
should be used in practice. In this study, we considered a single-site RCT with one stratifying
variable (e.g., litter) where subjects were randomized to a treatment or control. To cover a variety
of study designs, we varied several parameters, including the number of strata, strata sizes, SD of

strata, treatment effect (PF), and treatment group allocation ratio, as summarized in Table 3.3.
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Table 3.3. Catalogue of preliminary study

Strata Treatment ratio Total
Design Scenario  True PF' Sample
(Size, Level) SD? Global  Strata size
1-9 (7,4) 3:4 3:4 28
19-27 5,4) 2:3 2:3 20
Balanced
37-45 3,6) 1:2 1:2 18
55-63 (5,6) 2:3 2:3 30
10-18 0, 1/3,2/3 (7,4) 0,0.25,0.5 3:4 28
28-36 5,4) 2:3 20
Unbalanced 1:1
46-54 3,6) 1:2 18
64-72 (5,6) 2:3 30
73-81 8,4) 32
Balanced 1:1 1:1
81-90 (6, 6) 36

!'PF: prevented fraction = 1- relative risk.
2 SD: standard deviation of strata.

3.3.1 Data Generating Mechanism

For each scenario, we generated 2000 hypothetical trial datasets for preliminary study. The
datasets for each combination of parameters were generated from the model (3.5), which only
considers stratum variance without individual-level error.
3.3.2 Performance Measures

We applied three statistical models (CMH, GLMM and GEE) to each simulated dataset.
For each simulation scenarios and model, we estimated the following measures:

1) Convergence rate

2) Type I error rate (when the true PF is 0) and Power (when the true PF is > 0)

3) Average Point estimated PF with simulation standard deviation (SD)

4) Bias and mean squared error (MSE) of the point estimator of PF

5) Empirical coverage rate and length of the 95% confidence intervals (ClIs) around PF
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The model was classified as a convergence failure when we received an error or warning
message indicating the analysis did not converge. In calculating performance, we included only
the simulations in which the model successfully converged. Type I error rate and power were
calculated as the proportion of the simulation results with a statistically significant treatment effect
with a two-sided significance level of 5%. The mean value of the estimated treatment effect was
calculated as PF (1 - RR). Bias is the difference between the expected value of the estimator and
its true values, and is

Bias (PF) = E (PF)— PF =E (PF — PF).

(3.8)

Negatively or positively biased estimators lead to an under- or over-estimation of the true
PF. Therefore, if an estimator for PF satisfies £ (PF) = PF. That is, it is unbiased. A good estimator
should not only be unbiased, but also remain unaffected as much as possible by sampling
fluctuation. MSE is the squared distance between the estimator and its true value:
MSE (PF) = E (PF— PF)*= Var (PF) + (Bias (PF))>.

(3.9)
If MSE (PF1) < MSE (PF>), then PF| is said to be more efficient than PF». At last, 95%

CIs produced by different methods for PF are compared in terms of coverage rate (i.e. the
proportion of the simulation results in which the estimated 95% CI contained the true value of the
PF) and length. Methods that provide narrower Cls with coverage probability close to the nominal
level are preferable. All datasets were simulated and analyzed in SAS software (version 9.4).
3.3.3 Results and Discussion
Results for convergence rate, estimated PF with one SE, type I error, power, and coverage
and length of 95% ClIs are shown in Table 3.4-3.6 and Figure 3.1-3.6, respectively. Here, we

summarize the key results of the preliminary study.
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We encountered issues with model convergence with the GLMM approach in most
scenarios, especially when the sample size is extremely small (total sample size only 18 or 20).
Even for a bigger sample size (32 or 36) with a balanced treatment ratio, the convergence rate
could only reach approximately 0.6 ~ 0.8. In general, CMH and GEE had high convergence rates.
However, in some cases, when the event proportion is high (i.e., 0.9) and the sample size is small
with no treatment effect, CMH tends to encounter convergence issues (no solution for PF). Kim et
al. (2020) found the same results as ours, and they stated that the reason for this issue was a skewed
subject distribution across strata and when both the number of strata and total subjects were small.

Overall, the CMH approach performed well in most scenarios and performed as well or
better than GLMM and GEE methods in terms of the nominal type I error rate, power, and unbiased
estimates with fairly CIs in most scenarios. The only exception was when there were four strata
with an inconsistent treatment ratio of 3:4 (total sample size is 28), the CMH approach gave a
slightly inflated Type I error rate and low coverage rate. Our results kept consistence with the
finding by Tian et al. (2019), that CMH did not perform well when treatment allocations were
imbalanced across strata. Overall, the GLMM logistic regression model provided unbiased
estimates of the treatment effect, but with low type I error rate and power. In the contrary, studies
by Kahan (2014), and Pedroza and Truong (2017) have shown that mixed-effects logistic
regression models provide unbiased estimates of the treatment effect with good power.

When the treatment ratio was consistent across strata (1:1, 1:2, 2:3, or 3:4), GEE with
robust SEs could always provide an unbiased estimate with a narrow 95% CI. However, the robust
SEs led to the inflated Type I error and low coverage rate since we only have a small number of
strata. Also, the imbalanced data with varied treatment ratios may mess up the RR and SEs

estimates, resulting in a biased value with a negative infinity lower bound.
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3.3.4 Conclusion

In this preliminary study, all models were investigated only under homogeneous scenarios.
For this case, CMH is always recommended as the first and best approach. For small sample with
unbalanced arms, the GLMM model has structural problems (e.g., probabilities outside the [0, 1]
interval), so the estimates are particularly useful for logit link functions. Therefore, given its good
performance and their ease of computation, one might consider always using CMH instead of other
two estimators.

However, for large-stratum asymptotes (fixed /), CMH estimators may lose some
efficiency compared to ML estimator (GLMM) (Agresti & Hartzel, 2000). Moreover, when
interaction effect exists, a complexity of model fitting should be considered. We will discuss more

1n next section.
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Table 3.4. Type I error and power for scenarios when strata number is 4 and 6 of balanced and unbalanced design'.

Type I error Power
Strata .
Number Design 0.000 0.333 0.667

CMH GEE GLMM CMH GEE GLMM CMH GEE GLMM
2:3 0.015 0.160 0.000 0.393 0.480 0.082 0.797 0.794 0.535
Balanced 3:4 0.030 0.124 0.001 0.477 0.584 0.230 0.930 0.897 0.801
4 4:4 0.030 0.161 0.001 0.462 0.571 0.294 0.947 0.905 0.848
2:3 0.018 0.128 0.001 0.273 0.458 0.069 0.661 0.736 0.297

Unbalanced
3:4 0.136 0.202 0.013 0.471 0.556 0.207 0.841 0.811 0.678
1:2 0.019 0.181 0.000 0.454 0.432 0.038 0.777 0.801 0.485
Balanced 2:3 0.036 0.116 0.000 0.491 0.537 0.236 0.945 0.922 0.867
6 3:3 0.041 0.121 0.005 0.536 0.589 0.377 0.971 0.951 0.926
1:2 0.017 0.080 0.003 0.209 0.329 0.040 0.586 0.638 0.231

Unbalanced
2:3 0.045 0.168 0.013 0.424 0.559 0.218 0.856 0.853 0.723

" Methods: CMH, Cochran Mantel Haenszel; GLMM, generalized linear mixed model; GEE, Generalized estimating equation.
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Table 3.5. Coverage rate and length of 95% Cls for scenarios when strata number is 4 of balanced and unbalanced design'.

CMH GEE GLMM
True PF Design

Coverage Length Coverage Length Coverage Length
2:3 0.985 0.700 0.840 0.552 1.000 0.892
Balanced 3:4 0.970 0.544 0.876 0.446 0.999 0.618
0.000 4:4 0.970 0.491 0.839 0.408 0.999 0.533
2:3 0.982 0.813 0.872 1.040x 10%° 0.999 1.063

Unbalanced
3:4 0.864 0.614 0.798 1.190x 1074 0.987 0.758
2:3 0.948 0.746 0.847 0.651 0.932 0.948

Balanced

3:4 0.934 0.616 0.827 0.531 0.938 0.719
0.333 4:4 0.936 0.597 0.828 0.513 0.933 0.671
2:3 0.890 0.820 0.644 4.030x 10%° 0.900 1.094

Unbalanced
3:4 0.816 0.656 0.527 4.500x 10153 0.830 0.812
2:3 0.929 0.703 0.870 0.616 0.938 0.938
Balanced 3:4 0.941 0.571 0.825 0.494 0.948 0.704
0.667 4:4 0.937 0.560 0.836 0.488 0.945 0.674
2:3 0.750 0.816 0.733 5.860x 10%° 0.835 1.058

Unbalanced
3:4 0.808 0.629 0.738 1.900% 10130 0.863 0.770

"Methods: CMH, Cochran Mantel Haenszel; GLMM, generalized linear mixed model; GEE, Generalized estimating equation.
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Table 3.6. Coverage rate and length of 95% Cls for scenarios when strata number is 6 of balanced and unbalanced design'.

CMH GEE GLMM
True PF Design
Coverage Length Coverage Length Coverage Length

1:2 0.959 0.455 0.880 0.407 0.995 0.484
Balanced 2:3 0.981 0.814 0.819 0.686 1.000 1.230
0.000 3:3 0.964 0.527 0.884 0.468 1.000 0.602
1:2 0.983 0.942 0.920 0.643 0.997 1.132

Unbalanced
2:3 0.955 0.568 0.832 0.724 0.987 0.676
1:2 0.942 0.558 0.880 0.515 0.942 0.613
Balanced 2:3 0.955 0.797 0.920 0.759 0.949 1.121
0.333 3:3 0.942 0.592 0.891 0.551 0.952 0.675
1:2 0.858 0.945 0.759 0.855 0.881 1.201

Unbalanced
2:3 0.844 0.639 0.707 2.730x 1085 0.830 0.745
1:2 0.947 0.524 0914 0.490 0.953 0.592
Balanced 2:3 0.931 0.727 0.932 0.692 0.954 0.988
0.667 3:3 0.942 0.537 0.910 0.499 0.944 0.631
1:2 0.751 0.964 0.825 0.847 0.838 1.145

Unbalanced
2:3 0.829 0.607 0.808 1.318 0.856 0.710

"Methods: CMH, Cochran Mantel Haenszel; GLMM, generalized linear mixed model; GEE, Generalized estimating equation.

79



Balanced 4:4 Balanced 2:3 Balanced 3:4 Unbalanced 2:3 Unbalanced 3:4
1.0 o—k-g-=A-p--4 h---—h-—--A o_h-g-—h g A A---—h-—--A A---—k----A
0.8 - o o—eo—°
’ _-E--_m o—o—°
064 .--u--u
0.4 »--u---8 n--E---H
0.2 ---u--"
, 107 e—4e—ae-a —A0—4-0-4 O——O——0- -5 —4-0—4-0-4 —s—0—z-0__,
£ 08 ®--m=---® =
g ¢ R
5 0.6 E--m---" B--H---m
£ 04- w--u--E
© 02+
1.0 o—aeo—ao--a &—4=0—4-0--4 —A—0—4k0--4 — .T'If
08 ®--m---" .- -E--.m Aommhme--a :
0.6 7 l-—_.—". E--E---H
0.4 - =--a--u
0.2
T T T T T T T T T T T T T T T
0.00 0.25 0.50 0.00 0.25 0.50 0.00 0.25 0.50 0.00 0.25 0.50 0.00 0.25 0.50
SD of Strata
Methods @ cvMH B GLMM A GEE
(A)
Balanced 3:3 Balanced 1:2 Balanced 2:3 Unbalanced 1:2 Unbalanced 2:3
1.0 1 e—k-@-=A-9--A Ak—---k-—--A o—A-g-h-g-A A—---k-—--A Ak—---k-—--A
0.8
. s--E---1 .\./.
0.6 *--a---u
0.4 B--E---1H 5--2---1
0.2 .--u--A
o 1.0 &—he—ao-A A 0—4—0--A O——0——0--A 0—h-@--A-9--A &—40—A-0--A
500.8— w--m--E . _m---m
5 067 . . E-o-a---
£ 044 - =T
© 02+
1.0 &—A—0—4A0--A O—F5=0—x~0--4A O—A—0—&—0--A *—1o—o .—‘_._?!__‘
] m--m---u k—--—k-—--A
0.8 R
0.6 1 »--m---0
0.4 woomo wooEoE
0.2
T T T T T T T T T T T T T T T
0.00 0.25 0.50 0.00 0.25 0.50 0.00 0.25 0.50 0.00 0.25 0.50 0.00 0.25 0.50
SD of Strata
|Methods @ cvH B GLMM A GEE |
(B)

Figure 3.1. Convergence for scenarios when the true PF was 0, 1/3, and 2/3; the standard deviation (SD)

of strata is 0, 0.25, and 0.50. (A) strata number of 4; (B) strata number of 6.
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Figure 3.2. Estimated PF with one standard deviation for scenarios when the true PF was 0, 1/3, and 2/3;
the standard deviation (SD) of strata is 0, 0.25, and 0.50; and strata number of 4. (A) balanced; (B)
unbalanced.
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Figure 3.3. Estimated PF with 95% Cls for scenarios when the true PF was 0, 1/3, and 2/3; the standard
deviation (SD) of strata is 0, 0.25, and 0.50; and strata number of 6.

82



4 Balanced 4:4 4 Balanced 2:3 4, Balanced 3:4 4,Unbalanced 2:3 4, Unbalanced 3:4

A
0.20 Ao __ e
Ao A PN
0.15 b e & TA A
A - — o—°
T U A ST
0.10 «
005 -~~~ --"7“~-“[F--"-"""“"“-“-““-“-“-““[-“-“-"-"-------“---“[ - - - -
= — o—° — o—°
1) o——9—o _m---""H
50.00_ ---E----1 B---E----1 B---E--_.m - _g---a -
2 6,Balanced 3:3 6,Balanced 1:2 6,Balanced 2:3 6,Unbalanced 1:2 6,Unbalanced 2:3
>
= 020
PR R A PR A
0.15 - N ol
T, A Ao g - A
0.10 * *
k- A= A
005 go-g-==® [~~~ "" """ it St e "
o ———o—9o [ R
0.00 5---8----4 F---E----=m B---E---.m B--"E---.=m - " -

T T T T T T T T T T T T T T T
0.00 0.25 0.50 0.00 025 0.50 0.00 0.25 0.50 0.00 025 0.50 0.00 0.25 0.50

SD of Strata
[Methods @ cvH B GLMM A GEE |

Figure 3.4. Type I error rate for scenarios when the standard deviation (SD) of strata is 0, 0.25, and 0.50;
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Figure 3.5. Power for scenarios when the true PF was 1/3 and 2/3; the standard deviation (SD) of strata is

0, 0.25, and 0.50. (A) strata number of 4; (B) strata number of 6.
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Figure 3.6. Coverage for scenarios when the true PF was 0, 1/3, and 2/3; and the standard deviation (SD)

of strata is 0, 0.25, and 0.50. (A) strata number of 4; (B) strata number of 6.
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Table 3.7. Bias and MSE of point estimated PF for scenarios when strata number is 4 of balanced and unbalanced design'.

GLMM
True PF? Design

Bias MSE Bias MSE Bias MSE
2:3 -0.017 0.037 -0.015 0.032 -0.056 0.030
Balanced 3:4 -0.012 0.021 -0.011 0.020 -0.027 0.017
0.000 4:4 -0.012 0.017 -0.012 0.016 -0.009 0.012
2:3 -0.038 0.088 -16.54 1.961x 10° -0.020 0.049

Unbalanced
3:4 -0.026 0.054 -20.53 2.908x% 10° -0.018 0.035
2:3 -0.008 0.038 -0.008 0.038 -0.061 0.048

Balanced

3:4 -0.005 0.027 -0.005 0.027 -0.031 0.030
0.333 4:4 -0.004 0.025 -0.004 0.025 -0.019 0.026
2:3 -0.012 0.084 -5.122 7.998% 10% -0.093 0.098

Unbalanced
3:4 -0.014 0.067 -18.73 2.510% 10° -0.065 0.079
2:3 -0.010 0.027 -0.015 0.026 -0.030 0.033
Balanced 3:4 -0.010 0.020 -0.011 0.019 -0.013 0.022
0.667 4:4 -0.006 0.019 -0.007 0.019 -0.006 0.021
2:3 -0.021 0.062 -13.77 2.032x 10° -0.107 0.075

Unbalanced
3:4 -0.010 0.044 -2.150 1.049% 10* -0.058 0.048

' Methods: CMH, Cochran Mantel Haenszel; GLMM, generalized linear mixed model; GEE, Generalized estimating equation.

2 PF: prevented fraction = 1- relative risk.
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Table 3.8. Bias and MSE of point estimated PF for scenarios when strata number is 6 of balanced and unbalanced design'.

. CMH GEE GLMM
True PF? Design

Bias MSE Bias MSE Bias MSE
1:2 -0.029 0.054 -0.025 0.047 -0.122 0.073
Balanced 2:3 -0.011 0.021 -0.010 0.020 -0.030 0.017
0.000 3:3 -0.006 0.015 -0.006 0.015 -0.004 0.011
1:2 -0.052 0.122 -0.041 0.183 -0.033 0.072

Unbalanced
2:3 -0.020 0.043 -0.023 0.070 -0.013 0.031
1:2 -0.014 0.044 -0.015 0.044 -0.099 0.066
Balanced 2:3 -0.008 0.023 -0.008 0.023 -0.032 0.025
0.333 3:3 0.001 0.021 0.001 0.021 -0.011 0.022
1:2 -0.013 0.104 -0.030 0.128 -0.094 0.121

Unbalanced
2:3 -0.017 0.051 -0.029 0.120 -0.059 0.056
1:2 -0.010 0.028 -0.015 0.027 -0.039 0.037
Balanced 2:3 -0.011 0.018 -0.012 0.017 -0.014 0.020
0.667 3.3 -0.007 0.017 -0.007 0.016 -0.004 0.018
1:2 -0.018 0.076 -0.074 0.093 -0.110 0.086

Unbalanced
2:3 -0.014 0.040 -0.034 0.078 -0.043 0.042

" Methods: CMH, Cochran Mantel Haenszel; GLMM, generalized linear mixed model; GEE, Generalized estimating equation.
2 PF: prevented fraction = 1- relative risk.
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3.4 Multicenter RCTs

Previous researches have shown that when the center factor was considered in the
randomization process, it should always be accounted for in the final analysis (Kahan, 2014; Kahan
et al., 2016; Liang & Zeger, 1986; Parzen et al., 1998). For binary outcomes, adjusting for center
effects in the analysis is impractical when there are too few patients or events per center.
Meanwhile, most researchers paid attention to analysis methods under homogeneous scenarios,
which did not consider the issue of treatment-by-center interaction. This simulation study aims to
clarify (i) under what circumstances it is beneficial to account for center effects in the analysis and
(if) the best method of adjustment for the center in RCTs with a binary outcome.

3.4.1 Data Generating Mechanism

We generated 10,000 hypothetical trial datasets for each setting, expecting small errors due
to the large number of repetitions. The choice of 10,000 repetitions was justified by sufficiently
low Monte Carlo errors. The datasets for each combination of parameters were generated from the
following model,

Viji~Bernoulli(m;j,)

. Tijk
lOglt (T[ijk) = lOgl_— = ﬁxi]’k + uj + Sij + ‘Sijk

7-"-i]k
(3.10)

where y; i is a binary outcome generated from a Bernoulli distribution (7, ). Meanwhile,
u; is the random effect of the j th stratum (i.e., Center), which is generally assumed to follow a

normal distribution with mean 0 and variance 62. The parameter o2 provides a summary of the
variation among strata, and we assume a common 3 across strata. s;; represents a random center-

by-treatment interaction effect, which was generated from a normal distribution with a mean of 0

and standard deviation 6., and &; jk was a random error from the standard logistic distribution.
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To thoroughly study the performance of candidate models at various ICC levels, we
considered the following values of ICC for completeness: 0.00, 0.25, 0.50, and 0.75. However, we
focused interpretation of the results on lower values of ICC and o2 as they were more likely to
occur in practice. Additionally, to cover a variety of study designs, we varied several other
parameters, including the number of centers, center sizes, treatment effect (PF), and treatment-by-

center random effect (homogeneity and heterogeneity), as summarized in Table 3.9.

Table 3.9. Catalogue of simulation study

Center
Design Scenario ol True PF' ICC
(Size, Level) ol
1-4 0 0
Homogeneity 5-8 1.10 0.25
(i.c. 02 = 0) 9-12 0 0,045 (20,5),(10,25) 3, 0.50
13-16 9.86 0.75
17-20 0.40 0
21-24 1.63 0.25
2578 0.4 0, 0.45 (20, 5), (10, 25) 409 0.50
Heterogeneity 29-32 11.46 0.75
(i.e. a2 > 0) 33-36 0.80 0
37-40 2.16 0.25
41-45 0.8 0, 0.45 (20, 5), (10, 25) 4.89 0.50
46-48 13.06 0.75

' PF: prevented fraction = 1- relative risk.

3.4.2 Performance Measures

We applied seven statistical models (shown in Table 3.10) to each simulated dataset. For
the center effect, both unadjusted and adjusted analyses were performed. For GLMM, an additional
model incorporating interaction random effect was applied (GLMM-ALL). GEE with robust
variance estimates (GEE-Center) was under log Poisson regression using REPEATED statement
with SUBJECT = CENTER. Three additional GEE models, including the center effect as fixed,

were also explored without robust variance estimates, or with robust variance estimates
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(Center/Center-by-Treatment) in the first 2000 simulated dataset. Since the performances of these
three models were not as well as expected, the results are only shown in Appendix A.

For each simulation scenario and model, we estimated the following measures:

1) Average Point estimated PF with simulation standard deviation (SD)

2) Bias and mean squared error (MSE) of the point estimator of PF

3) Type I error rate (when the true PF is 0) and Power (when the true PF is > 0)

4) Empirical coverage rate and length of the 95% confidence intervals (Cls) around PF.

The details of explanation as the same as section 3.3.2. All datasets were simulated and
analyzed in SAS software (version 9.4).

Table 3.10. Descriptions of ten models.

Method? Model' Note’

Simple -

CMH -

Unadjusted GLMM logit (nl- ]-) = fxij

GLMM-Center logit (m; ]-) = Bx;j + u; u; are random

GLMM-All logit (m;;) = Bxij + uj + si; u; and s;; are random
Unadjusted GEE log (rci ,-) = fx;; without WCS

GEE-Center log (m;) = Bx;j + u; are random, with WCS=center
GEE* without Robust SEs log (i) = Bxij +u; u; are fixed, without WCS
GEE*-Center log (m;;) = Bxij + u; are fixed, with WCS=center
GEE*-Center by Treatment log (m;) = Bxi; + u; + 555 u; are fixed, with WCS=center-by-treatment

Ly, jk~Bernoulli(m;j; ), where y;j, represents a binary outcome measured for the /th subject in the kth litter and jth center
receiving the ith treatment (control or treatment group).

2 Methods: CMH, Cochran Mantel Haenszel; GLMM, generalized linear mixed model; GEE, Generalized estimating
equation.

3 WCS, working correlation structure.
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3.4.3 Results and Discussion

Simulation results are shown in Table 3.11. — 3.18. the bias of all point estimated PF
decreased with a larger center level (even with a similar total sample size, 200 vs. 250), especially
for GLMM methods. Furthermore, the more precise point estimates across 10,000 Monte Carlo
simulations led to the smaller empirical SD and overall error rate (measured by MSE) of the
estimator PF in all scenarios. Moreover, all four of simple, the CMH and GEE analysis methods
gave identical estimates of treatment effect PF matter adjusted for center effect or not. Thus, these
same point estimates across 10,000 simulations result in the identical empirical SD and overall
error rate (measured by MSE) of the estimator PF in these four Models within scenarios. When
true PF was zero, four of these estimators were also unbiased estimates of treatment effect PF,
regardless of o values. However, as ICC increased, the estimates PF for all four methods slightly
decreased.

On the contrary to nonzero true PF scenarios, as ICC and ¢ increased, four CMH and
GEE methods underestimated the point estimates of PF; in this case, all these techniques were
slightly and downwardly biased. When GLMM approaches were applied, results from the model
ignoring center and interaction random effect (unadjusted GLMM) were shown that the point
estimate of PF was severely underestimated for true PF was zero and contrarily overestimated for
true PF was nonzero. Similarly, the other two GLMMs only account for the center effect or account
for center and interaction effects, which have this under/overestimated issue for treatment effect
PF, but only slightly.

Results for Type I error rate and power analysis of hypothesis testing for treatment effect
PF under both homogeneous and heterogeneous scenarios are shown in Figure 3.7. — 3.8. Since

the length of 95% confidence intervals was expected to narrow as the number of centers increased,
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it indicates that no matter how each model performs, larger the number of centers could improve
overall performance for inference of treatment effect. As expected, the log-Poisson regression
without robust sandwich SEs (unadjusted GEE) produces very conservative confidence intervals
for PF, leading to failure to maintain the nominal level of Type I error rate and not power
efficiency. When the treatment effect was homogeneous across centers (g2 was zero), CMH
performed better than other models in terms of close to the nominal value of 5% for Type I error
rate and 80% power, especially when the center number is small (only 5). However, when there
was heterogeneity existed (62 > 0), CMH was not the best option for this kind of data since it
could lead to the inflated Type I error rate unless there were enough large center number (> 25) in
the trials. In this case, GLMM incorporating with center and interaction term was unexpected to
be the most appropriate model for hypothesis testing for treatment effect PF. However, a slight
decrease was observed in Type I error and power as ICC increases. If the center level was large
enough (> 25), either GLMM only incorporating with center effect or GEE with center effect as
Robust SEs estimator could be the second option for these heterogeneous scenarios.

Simulation studies have been conducted to investigate the impact of accounting for
between-center variation in type I error rate and power of treatment effect under homogeneous
cases. For the Type I error rate, our simulation study based on balanced scenarios found that it
failed to maintain at the nominal level (~ 5%) as ICC increased. However, they disagree with
those reported by Kahan and Morris (2013b) and Edgar et al. (2021), that for binary outcomes,
type 1 error rates were substantially inflated when between-center variance was ignored in the
analysis, particularly if there was unequally sized treatment allocation across centers. Moreover,
the results showed that neglecting the center effect could lead to loss of power as ICC increased,

which was consistent with the findings from Kahan and Morris (2013b). Conversely, when the
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number of centers was large enough (> 25), there was only a slight statistical difference among
models with or without adjustment (62 < 4.89). Agreement can be found from studies by Edgar et
al. (2021) and Lingsma et al. (2011) that accounting for the sizeable between-center variation (62,
0.21 - 4.81) had no clinically meaningful impact on the estimated treatment effect for large, multi-
center RCTs (n, = 237).
3.4.4 Conclusion

In this chapter, seven models were investigated under homogeneous and heterogeneous
scenarios. For multicenter RCTs with binary outcomes, it is crucial to consider center and center-
by-treatment effects to enhance statistical power and minimize bias in treatment effect estimates
and standard errors. Especially if stratified randomization by the center has been adopted in the
design, the analysis should adjust for the center. Unless an exploration analysis has proven no
statistical heterogeneous treatment effect across the center. When the treatment effect was
homogeneous across centers, Cochran-Mantel-Haenszel incorporating the center effect as a
stratification factor should always be the best choice, even when the number of centers is small.
Otherwise, once heterogeneous treatment effect across centers was confirmed, GLMM
incorporating with center and interaction term could be the acceptable method for a small center
level (~5), while GLMM only incorporating with center effect or GEE with center effect as Robust

SEs estimator could be the alternative option for a large number of centers (> 25).
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Table 3.11. Average point estimated PF and empirical simulation standard deviation (SD) for true

PF was 0 using seven models under homogeneous scenarios (62, = 0) with different ICC values (0,
0.25, 0.5, and 0.75) and center sizes (5 vs 25).

Center (size, level)

(20, 5) (10, 25)

ICC Method' Avg. PF SD Avg. PF SD
Simple -0.005 0.096 -0.002 0.061
CMH -0.005 0.096 -0.002 0.061
Unadjusted GEE -0.005 0.096 -0.002 0.061
0 GEE-Center -0.005 0.096 -0.002 0.061
Unadjusted GLMM -42.48 4236.4 -0.039 0.292
GLMM-Center -0.114 0.584 -0.039 0.294
GLMM-All -0.115 0.585 -0.039 0.294
Simple -0.005 0.100 -0.002 0.062
CMH -0.005 0.100 -0.002 0.062
Unadjusted GEE -0.005 0.100 -0.002 0.062
0.25 GEE-Center -0.005 0.100 -0.002 0.062
Unadjusted GLMM -0.118 0.610 -0.034 0.276
GLMM-Center -0.117 0.604 -0.034 0.275
GLMM-All -0.005 0.100 -0.002 0.062
Simple -0.007 0.108 -0.002 0.064
CMH -0.007 0.108 -0.002 0.064
Unadjusted GEE -0.007 0.108 -0.002 0.064
0.5 GEE-Center -0.007 0.108 -0.002 0.064
Unadjusted GLMM -118.7 5323.9 -0.025 0.224
GLMM-Center -0.129 0.640 -0.034 0.269
GLMM-All -0.128 0.634 -0.034 0.268
Simple -0.005 0.112 -0.002 0.065
CMH -0.005 0.112 -0.002 0.065
Unadjusted GEE -0.005 0.112 -0.002 0.065
0.75 GEE-Center -0.005 0.112 -0.002 0.065
Unadjusted GLMM -301.1 5910.7 -0.014 0.169
GLMM-Center -0.141 0.817 -0.036 0.280
GLMM-All -0.139 0.803 -0.036 0.279

"Methods: Simple, based on crude RR; CMH, Cochran Mantel Haenszel-stratified by center; Unadjusted
GEE, log-Poisson regression without adjustment for center and robust SEs; Unadjusted GLMM,
generalized linear mixed model without random effect; GLMM-Center, generalized linear mixed model
with random center effect; GLMM-ALIl, generalized linear mixed model with random center and
interaction effect.
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Table 3.12. Average point estimated PF and empirical simulation standard deviation (SD) for true PF was
0.4 using six models under homogeneous scenarios (6%, = 0) with different ICC values (0, 0.25, 0.5, and
0.75) and center sizes (5 vs 25).

Center (size, level)

(20, 5) (10, 25)

ICC Method Avg. PF SD Avg. PF SD
Simple 0.383 0.096 0.386 0.060
CMH 0.383 0.096 0.386 0.060
Unadjusted GEE 0.383 0.096 0.386 0.060
0 GEE-Center 0.383 0.096 0.386 0.060
Unadjusted 0.625 0.127 0.629 0.078
GLMM-Center 0.628 0.127 0.630 0.078
GLMM-All 0.629 0.127 0.631 0.078
Simple 0.370 0.110 0.371 0.065
CMH 0.370 0.110 0.371 0.065
Unadjusted GEE 0.370 0.110 0.371 0.065
0.25 GEE-Center 0.370 0.110 0.371 0.065
Unadjusted 0.587 0.136 0.588 0.081
GLMM-Center 0.612 0.136 0.607 0.081
GLMM-All 0.613 0.136 0.608 0.081
Simple 0.346 0.122 0.345 0.068
CMH 0.346 0.122 0.345 0.068
Unadjusted GEE 0.346 0.122 0.345 0.068
0.5 GEE-Center 0.346 0.122 0.345 0.068
Unadjusted 0.529 0.153 0.526 0.085
GLMM-Center 0.599 0.154 0.593 0.087
GLMM-All 0.599 0.153 0.592 0.087
Simple 0.305 0.139 0.294 0.073
CMH 0.305 0.139 0.294 0.073
Unadjusted GEE 0.305 0.139 0.294 0.073
0.75 GEE-Center 0.305 0.139 0.294 0.073
Unadjusted 0.433 0.176 0.417 0.093
GLMM-Center 0.578 0.194 0.574 0.105
GLMM-All 0.576 0.195 0.572 0.105

"Methods: Simple, based on crude RR; CMH, Cochran Mantel Haenszel-stratified by center; Unadjusted GEE,
Log-Poisson regression without adjustment for center and robust SEs; Unadjusted GLMM, generalized linear
mixed model without random effect; GLMM-Center, generalized linear mixed model with random center effect;
GLMM-ALI, generalized linear mixed model with random center and interaction effects.

95



Table 3.13. Average point estimated PF and empirical simulation standard deviation (SD) for true PF was
0 using six models under heterogeneous scenarios (6% = 0.4) with different ICC values (0, 0.25, 0.5, and
0.75) and center sizes (5 vs 25).

Center (size, level)

(20, 5) (10, 25)

ICC Method Avg. PF SD Avg. PF SD
Simple -0.007 0.113 -0.002 0.066
CMH -0.007 0.113 -0.002 0.066
Unadjusted GEE -0.007 0.113 -0.002 0.066
0 GEE-Center -0.007 0.113 -0.002 0.066
Unadjusted GLMM -38.27 3812.7 -0.040 0.308
GLMM-Center -0.149 0.692 -0.040 0.311
GLMM-All -0.150 0.691 -0.040 0.311
Simple -0.006 0.119 -0.002 0.068
CMH -0.006 0.119 -0.002 0.068
Unadjusted GEE -0.006 0.119 -0.002 0.068
0.25 GEE-Center -0.006 0.119 -0.002 0.068
Unadjusted GLMM -63.67 3859.2 -0.031 0.268
GLMM-Center -0.146 0.765 -0.036 0.288
GLMM-All -0.145 0.739 -0.036 0.286
Simple -0.007 0.127 -0.002 0.069
CMH -0.007 0.127 -0.002 0.069
Unadjusted GEE -0.007 0.127 -0.002 0.069
0.5 GEE-Center -0.007 0.127 -0.002 0.069
Unadjusted GLMM -220.4 6828.0 -0.022 0.227
GLMM-Center -0.159 0.787 -0.033 0.283
GLMM-All -0.154 0.764 -0.033 0.280
Simple -0.008 0.135 -0.002 0.070
CMH -0.008 0.135 -0.002 0.070
Unadjusted GEE -0.008 0.135 -0.002 0.070
0.75 GEE-Center -0.008 0.135 -0.002 0.070
Unadjusted GLMM -360.4 7886.0 -0.012 0.173
GLMM-Center -0.194 0.982 -0.037 0.301
GLMM-All -0.182 0.898 -0.036 0.297

"Methods: Simple, based on crude RR; CMH, Cochran Mantel Haenszel-stratified by center; Unadjusted GEE,
Log-Poisson regression without adjustment for center and robust SEs; Unadjusted GLMM, generalized linear
mixed model without random effect; GLMM-Center, generalized linear mixed model with random center effect;
GLMM-ALI, generalized linear mixed model with random center and interaction effects.
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Table 3.14. Average point estimated PF and empirical simulation standard deviation (SD) for true PF was

0.4 using six models under heterogeneous scenarios (6%, = 0.4) with different ICC values (0, 0.25, 0.5, and
0.75) and center sizes (5 vs 25).

Center (size, level)

(20, 5) (10, 25)

ICC Method Avg. PF SD Avg. PF SD
Simple 0.378 0.114 0.380 0.067
CMH 0.378 0.114 0.380 0.067
Unadjusted GEE 0.378 0.114 0.380 0.067
0 GEE-Center 0.378 0.114 0.380 0.067
Unadjusted GLMM 0.605 0.148 0.613 0.085
GLMM-Center 0.611 0.148 0.616 0.085
GLMM-All 0.614 0.148 0.618 0.085
Simple 0.293 0.148 0.287 0.075
CMH 0.293 0.148 0.287 0.075
Unadjusted GEE 0.364 0.125 0.364 0.070
0.25 GEE-Center 0.364 0.125 0.364 0.070
Unadjusted GLMM 0.567 0.158 0.570 0.088
GLMM-Center 0.598 0.160 0.596 0.089
GLMM-All 0.600 0.159 0.596 0.089
Simple 0.341 0.135 0.336 0.072
CMH 0.341 0.135 0.336 0.072
Unadjusted GEE 0.341 0.135 0.336 0.072
0.5 GEE-Center 0.341 0.135 0.336 0.072
Unadjusted GLMM 0.512 0.172 0.507 0.093
GLMM-Center 0.587 0.178 0.583 0.096
GLMM-All 0.588 0.178 0.582 0.096
Simple 0.293 0.148 0.287 0.075
CMH 0.293 0.148 0.287 0.075
Unadjusted GEE 0.293 0.148 0.287 0.075
0.75 GEE-Center 0.293 0.148 0.287 0.075
Unadjusted GLMM 0.412 0.192 0.401 0.097
GLMM-Center 0.561 0.225 0.566 0.112
GLMM-All 0.558 0.224 0.563 0.112

"Methods: Simple, based on crude RR; CMH, Cochran Mantel Haenszel-stratified by center; Unadjusted GEE,
Log-Poisson regression without adjustment for center and robust SEs; Unadjusted GLMM, generalized linear
mixed model without random effect; GLMM-Center, generalized linear mixed model with random center effect;
GLMM-ALI, generalized linear mixed model with random center and interaction effects.
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Table 3.15. Properties of point estimated PF for true PF was 0 using seven models under homogeneous
scenarios (62, = 0) with different ICC values (0, 0.25, 0.5, and 0.75) and center sizes (5 vs 25).

Center (size, level)

(20, 5) (10, 25)

ICC Method Bias MSE  Avg.length Bias MSE  Avglength
Simple -0.005 0.009 0.378 -0.002 0.004 0.237
CMH -0.005 0.009 0.378 -0.002 0.004 0.237
Unadjusted GEE -0.005 0.009 0.902 -0.002 0.004 0.557
0 GEE-Center -0.005 0.009 0.323 -0.002 0.004 0.230
Unadjusted GLMM  -42.48 1.79E7 6.7 x 10176 -0.039 0.087 1.161
GLMM-Center -0.114 0.355 2.288 -0.039 0.088 1.165
GLMM-All -0.115 0.355 2.480 -0.039 0.088 1.196
Simple -0.005 0.010 0.404 -0.002 0.004 0.254
CMH -0.005 0.010 0.391 -0.002 0.004 0.244
Unadjusted GEE -0.005 0.010 0.916 -0.002 0.004 0.565
0.25 GEE-Center -0.005 0.010 0.334 -0.002 0.004 0.237
Unadjusted GLMM ~ -25.52 6.46E6 4.0 x 10176 -0.031 0.070 1.074
GLMM-Center -0.118 0.386 2.344 -0.034 0.077 1.112
GLMM-All -0.117 0.379 2.633 -0.034 0.077 1.158
Simple -0.007 0.012 0.447 -0.002 0.004 0.278
CMH -0.007 0.012 0.405 -0.002 0.004 0.249
Unadjusted GEE -0.007 0.012 0.943 -0.002 0.004 0.577
0.5 GEE-Center -0.007 0.012 0.353 -0.002 0.004 0.243
Unadjusted GLMM ~ -118.7 2.84E7 1.9 x 1077 -0.025 0.051 0.973
GLMM-Center -0.129 0.426 2.509 -0.034 0.073 1.101
GLMM-All -0.128 0.418 2.893 -0.034 0.073 1.140
Simple -0.005 0.013 0.525 -0.002 0.004 0.321
CMH -0.005 0.013 0.417 -0.002 0.004 0.249
Unadjusted GEE -0.005 0.013 0.992 -0.002 0.004 0.601
0.75 GEE-Center -0.005 0.013 0.369 -0.002 0.004 0.243
Unadjusted GLMM  -301.1 3.5E7 4.8 x 10177 -0.014 0.029 0.830
GLMM-Center -0.141 0.687 3.412 -0.036 0.080 1.153
GLMM-All -0.139 0.665 3.869 -0.036 0.079 1.186

"Methods: Simple, based on crude RR; CMH, Cochran Mantel Haenszel-stratified by center; Unadjusted GEE,
Log-Poisson regression without adjustment for center and robust SEs; Unadjusted GLMM, generalized linear
mixed model without random effect; GLMM-Center, generalized linear mixed model with random center effect;
GLMM-ALI, generalized linear mixed model with random center and interaction effects.
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Table 3.16. Properties of point estimated PF for true PF was 0.4 using seven models under homogeneous
scenarios (62, = 0) with different ICC values (0, 0.25, 0.5, and 0.75) and center sizes (5 vs 25).

Center (size, level)

(20, 5) (10, 25)

ICC Method Bias MSE  Avg.length Bias MSE Avg.length
Simple -0.017 0.010 0.383 -0.014 0.004 0.240
CMH -0.017 0.010 0.383 -0.014 0.004 0.240
Unadjusted GEE -0.017 0.010 0.640 -0.014 0.004 0.393
0 GEE-Center -0.017 0.010 0.325 -0.014 0.004 0.233
Unadjusted GLMM  0.225 0.067 1.2 x 10165 0.229 0.058 0.311
GLMM-Center 0.228 0.068 0.524 0.230 0.059 0.312
GLMM-All 0.229 0.068 0.553 0.231 0.059 0.318
Simple -0.030 0.013 0.396 -0.029 0.005 0.249
CMH -0.030 0.013 0.383 -0.029 0.005 0.240
Unadjusted GEE -0.030 0.013 0.658 -0.029 0.005 0.405
0.25 GEE-Center -0.030 0.013 0.369 -0.029 0.005 0.247
Unadjusted GLMM  0.187 0.053 2.3 x 10165 0.188 0.042 0.327
GLMM-Center 0.212 0.064 0.571 0.207 0.050 0.330
GLMM-All 0.213 0.064 0.625 0.208 0.050 0.341
Simple -0.054 0.018 0.421 -0.055 0.008 0.264
CMH -0.054 0.018 0.385 -0.055 0.008 0.240
Unadjusted GEE -0.054 0.018 0.692 -0.055 0.008 0.426
0.5 GEE-Center -0.054 0.018 0.416 -0.055 0.008 0.262
Unadjusted GLMM  0.129 0.040 2.3 x 1016 0.126 0.023 0.351
GLMM-Center 0.199 0.063 0.666 0.193 0.045 0.361
GLMM-All 0.199 0.063 0.735 0.192 0.044 0.371
Simple -0.095 0.028 0.471 -0.106 0.017 0.296
CMH -0.095 0.028 0.383 -0.106 0.017 0.238
Unadjusted GEE -0.095 0.028 0.757 -0.106 0.017 0.467
0.75 GEE-Center -0.095 0.028 0.463 -0.106 0.017 0.276
Unadjusted GLMM  0.033 0.032 2.0 x 101¢7 0.017 0.009 0.388
GLMM-Center 0.178 0.069 0.947 0.174 0.041 0.435
GLMM-All 0.176 0.069 1.048 0.172 0.041 0.445

"Methods: Simple, based on crude RR; CMH, Cochran Mantel Haenszel-stratified by center; Unadjusted GEE,
Log-Poisson regression without adjustment for center and robust SEs; Unadjusted GLMM, generalized linear
mixed model without random effect; GLMM-Center, generalized linear mixed model with random center effect;
GLMM-ALI, generalized linear mixed model with random center and interaction effects.
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Table 3.17. Properties of point estimated PF for true PF was 0 using seven models under heterogeneous
scenarios (a7, = 0.4) with different ICC values (0, 0.25, 0.5, and 0.75) and center sizes (5 vs 25).

Center (size, level)

(20, 5) (10, 25)

ICC Method Bias MSE  Avg.length Bias MSE Avg.length
Simple -0.007 0.013 0.389 -0.002 0.004 0.243
CMH -0.007 0.013 0.389 -0.002 0.004 0.243
Unadjusted GEE -0.007 0.013 0.909 -0.002 0.004 0.560
0 GEE-Center -0.007 0.013 0.377 -0.002 0.004 0.251
Unadjusted GLMM  -38.27 1.45E7 6.0 x 10'7¢ -0.040 0.097 1.133
GLMM-Center -0.149 0.502 2.367 -0.040 0.098 1.140
GLMM-All -0.150 0.500 2.761 -0.040 0.098 1.207
Simple -0.006 0.014 0.418 -0.002 0.005 0.260
CMH -0.006 0.014 0.403 -0.002 0.005 0.250
Unadjusted GEE -0.006 0.014 0.924 -0.002 0.005 0.568
0.25 GEE-Center -0.006 0.014 0.397 -0.002 0.005 0.258
Unadjusted GLMM  -63.67 1.49E7 1.0 x 10177 -0.031 0.073 1.046
GLMM-Center -0.146 0.607 2.455 -0.036 0.084 1.096
GLMM-All -0.145 0.567 2.997 -0.036 0.083 1.179
Simple -0.007 0.016 0.461 -0.002 0.005 0.285
CMH -0.007 0.016 0.416 -0.002 0.005 0.254
Unadjusted GEE -0.007 0.016 0.951 -0.002 0.005 0.581
0.5 GEE-Center -0.007 0.016 0.417 -0.002 0.005 0.264
Unadjusted GLMM  -220.4 4.67E7 3.5 x 10177 -0.022 0.052 0.942
GLMM-Center -0.159 0.644 2.633 -0.033 0.081 1.090
GLMM-All -0.154 0.607 3.277 -0.033 0.080 1.166
Simple -0.008 0.018 0.541 -0.002 0.005 0.329
CMH -0.008 0.018 0.423 -0.002 0.005 0.252
Unadjusted GEE -0.008 0.018 1.005 -0.002 0.005 0.605
0.75 GEE-Center -0.008 0.018 0.426 -0.002 0.005 0.263
Unadjusted GLMM  -360.4 6.23E7 5.7 x 10177 -0.012 0.030 0.807
GLMM-Center -0.194 1.002 4.107 -0.037 0.092 1.151
GLMM-All -0.182 0.839 4.673 -0.036 0.090 1.216

"Methods: Simple, based on crude RR; CMH, Cochran Mantel Haenszel-stratified by center; Unadjusted GEE,
Log-Poisson regression without adjustment for center and robust SEs; Unadjusted GLMM, generalized linear
mixed model without random effect; GLMM-Center, generalized linear mixed model with random center effect;
GLMM-ALI, generalized linear mixed model with random center and interaction effects.
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Table 3.18. Properties of point estimated PF for true PF was 0.4 using seven models under heterogeneous
scenarios (a7, = 0.4) with different ICC values (0, 0.25, 0.5, and 0.75) and center sizes (5 vs 25).

Center (size, level)

(20, 5) (10, 25)

ICC Method Bias MSE Avg.length Bias MSE Avg.length
Simple -0.022 0.013 0.389 -0.020 0.005 0.243
CMH -0.022 0.013 0.389 -0.020 0.005 0.243
Unadjusted GEE -0.022 0.013 0.648 -0.020 0.005 0.398
0 GEE-Center -0.022 0.013 0.390 -0.020 0.005 0.255
Unadjusted GLMM  0.205 0.064  3.0x 10165 0.213 0.053 0.318
GLMM-Center 0.211 0.066 0.541 0.216 0.054 0.319
GLMM-All 0.214 0.068 0.616 0.218 0.055 0.336
Simple -0.036 0.017 0.404 -0.036 0.006 0.253
CMH -0.036 0.017 0.390 -0.036 0.006 0.244
Unadjusted GEE -0.036 0.017 0.668 -0.036 0.006 0.411
0.25 GEE-Center -0.036 0.017 0.426 -0.036 0.006 0.266
Unadjusted GLMM  0.167 0.053  8.2x 1065 0.170 0.037 0.334
GLMM-Center 0.198 0.065 0.592 0.196 0.046 0.338
GLMM-All 0.200 0.066 0.699 0.196 0.046 0.360
Simple -0.059 0.022 0.428 -0.064 0.009 0.269
CMH -0.059 0.022 0.390 -0.064 0.009 0.243
Unadjusted GEE -0.059 0.022 0.702 -0.064 0.009 0.432
0.5 GEE-Center -0.059 0.022 0.461 -0.064 0.009 0.279
Unadjusted GLMM  0.112 0.042  2.6x 1016° 0.107 0.020 0.358
GLMM-Center 0.187 0.067 0.691 0.183 0.043 0.372
GLMM-All 0.188 0.067 0.825 0.182 0.042 0.392
Simple -0.107 0.034 0.485 -0.113 0.018 0.302
CMH -0.107 0.034 0.388 -0.113 0.018 0.240
Unadjusted GEE -0.107 0.034 0.775 -0.113 0.018 0.473
0.75 GEE-Center -0.107 0.034 0.491 -0.113 0.018 0.290
Unadjusted GLMM  0.012 0.037  2.2x 107 0.001 0.009 0.393
GLMM-Center 0.161 0.076 1.022 0.166 0.040 0.448
GLMM-All 0.158 0.075 1.180 0.163 0.039 0.468

! Methods: Simple, based on crude RR; CMH, Cochran Mantel Haenszel-stratified by center; Unadjusted GEE,
log-Poisson regression without adjustment for center and robust SEs; Unadjusted GLMM, generalized linear
mixed model without random effect; GLMM-Center, generalized linear mixed model with random center effect;
GLMM-ALI, generalized linear mixed model with random center and interaction effects.
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Figure 3.7. Average point estimated PF with empirical simulation standard deviation (SD) from seven
models under both homogeneous or heterogeneous scenarios with different ICC values (0, 0.25, 0.5, and
0.75) and center numbers (5 vs 25). (A) Scenarios: true PF was 0. (B) Scenarios: true PF was 0.4.
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Figure 3.8. Bias of point estimated PF from seven models under both homogeneous or heterogeneous
scenarios with different ICC values (0, 0.25, 0.5, and 0.75) and center sizes (5 vs 25). (A) Scenarios: true
PF was 0. (B) Scenarios: true PF was 0.4.
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Figure 3.9. MSE of point estimated PF from six models (except Unadjusted GLMM) under both
homogeneous or heterogeneous scenarios with different ICC values (0, 0.25, 0.5, and 0.75) and center sizes
(5 vs 25). (A) Scenarios: true PF was 0. (B) Scenarios: true PF was 0.4.
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Figure 3.10. Type I error rate of hypothesis testing for treatment effect PF using all seven models under
both homogeneous or heterogeneous scenarios with different ICC values (0, 0.25, 0.5, and 0.75) and the
number of centers (5 vs 25). The grey solid reference line represents the nominal Type I error rate a = 0.05.
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Figure 3.11. Power analysis of hypothesis testing for treatment effect PF using all seven models under both
homogeneous or heterogeneous scenarios with different ICC values (0, 0.25, 0.5, and 0.75) and the number
of centers (5 vs 25). The grey solid reference line represents the nominal power 1 - = 0.8.
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Figure 3.12. Coverage rate of 95% confidence interval for treatment effect PF = 0 using all seven models
under both homogeneous or heterogeneous scenarios with different ICC values (0, 0.25, 0.5, and 0.75) and
center sizes (5 vs 25). (A) Scenarios: true PF was 0. (B) Scenarios: true PF was 0.4.
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Chapter 4 - Future Work

To date, there is a lack of agreement on when and how to adjust center variance in
multicenter trials. The ICH-E9 guideline for multicenter RCTs focuses on possible treatment effect
heterogeneity (ICH, 1999). Mainly, it suggested an exploratory analysis to detect heterogeneity of
treatment across centers when multicenter RCTs have positive treatment effects and a significant
number of patients per center. It doesn’t provide any recommendations for addressing the
heterogeneity of treatment when the center size and level are not large.

The work from this dissertation can be summarized as follows. Whatever outcome is
continuous or binary, the first step should always be to explore the heterogeneity of treatment
effects across stratification factors for the randomization procedure, as this may affect the
inference of treatment effect. When using a statistical significance test for the interaction term,
once heterogeneity of treatment effect is not found, a reduced model without interaction term
should be adopted to detect the main effect of treatment due to the high power.

In future research, simulations could be performed to investigate the ability of analytical
procedures to deal with imbalanced data among clusters. Unbalanced data situations not only

reflected real-world scenarios but also provided valuable insights into the procedures' efficiency.
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Appendix A - Additional Tables and Figures for Chapter 3.4

Table A. 1. Average point estimated PF and empirical simulation standard deviation (SD) for true PF
was 0 using three additional GEE models under homogeneous and heterogenous scenarios with different
ICC values (0, 0.25, 0.5, and 0.75) and the number of centers (5 vs 25).

Variance of Center-by-Treatment Effect

0 0.4 0.8

n, ICC Method Avg. PF SD Avg. PF SD  Avg. PF SD
5 0  GEE* without Robust SEs ~ -0.005  0.099 -0.005 0.113  -0.011  0.131
GEE*-Center -0.005  0.099 -0.005 0.113  -0.011  0.131
GEE*-Center by Trt -0.005  0.099 -0.005 0.113  -0.011  0.131
0.5 GEE* without Robust SEs ~ -0.007  0.108 -0.006 0.128  -0.012  0.141
GEE*-Center -0.007  0.108 -0.006 0.128  -0.011  0.141
GEE*-Center by Trt -0.007  0.108 -0.006 0.128  -0.011  0.141
0.25 GEE* without Robust SEs ~ -0.007  0.102 -0.007 0.120  -0.008  0.131
GEE*-Center -0.007  0.102 -0.007 0.120  -0.008  0.131
GEE*-Center by Trt -0.007  0.102 -0.007 0.120  -0.008  0.131
0.75 GEE* without Robust SEs ~ -0.005  0.118 -0.010 0.132  -0.009  0.149
GEE*-Center -0.003  0.115 -0.011 0.132  -0.010  0.148
GEE*-Center by Trt -0.003  0.115 -0.011 0.132  -0.010  0.148
25 0  GEE* without Robust SEs ~ -0.004  0.060 -0.002 0.066  -0.002  0.071
GEE*-Center -0.004  0.060 -0.002 0.066  -0.002  0.071
GEE*-Center by Trt -0.004  0.060 -0.002 0.066  -0.002  0.071
0.5 GEE* without Robust SEs  -0.001  0.064 -0.002 0.071  -0.002  0.075
GEE*-Center -0.002  0.064 -0.002 0.071  -0.002  0.074
GEE*-Center by Trt -0.002  0.064 -0.002 0.071  -0.002  0.074
0.25 GEE* without Robust SEs ~ -0.002  0.061 -0.003 0.068  -0.000  0.072
GEE*-Center -0.002  0.061 -0.003 0.068  0.000  0.072
GEE*-Center by Trt -0.002  0.061 -0.003 0.068  0.000  0.072
0.75 GEE* without Robust SEs ~ -0.002  0.065 -0.001 0.068  -0.003  0.076
GEE*-Center -0.000  0.062 0.000 0.066  -0.002  0.071
GEE*-Center by Trt -0.000  0.062 0.000 0.066  -0.002  0.071
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Table A. 2. Average point estimated PF and empirical simulation standard deviation (SD) for true PF
was 0.4 using three additional GEE models under homogeneous and heterogenous scenarios with
different ICC values (0, 0.25, 0.5, and 0.75) and the number of centers (5 vs 25).

Variance of Center-by-Treatment Effect

0 0.4 0.8

n, ICC Method Avg. PF SD Avg. PF SD  Avg. PF SD
5 0  GEE* without Robust SEs  0.384  0.098 0.380 0.115 0372 0.134
GEE*-Center 0.384  0.098 0.380 0.115 0372 0.134
GEE*-Center by Trt 0.384  0.098 0.380 0.115 0372 0.134
0.5 GEE* without Robust SEs 0346 0.121 0.342 0.134 0329  0.148
GEE*-Center 0.346  0.121 0.342 0.133 0329  0.147
GEE*-Center by Trt 0.346  0.121 0.342 0.133 0329  0.147
0.25 GEE* without Robust SEs ~ 0.370  0.110 0.363 0.122 0359  0.139
GEE*-Center 0.370  0.110 0.363 0.122 0359  0.139
GEE*-Center by Trt 0.370  0.110 0.363 0.122 0359  0.139
0.75 GEE* without Robust SEs ~ 0.303  0.134 0.294 0.149 0285  0.157
GEE*-Center 0.303  0.132 0.296 0.144 0284  0.150
GEE*-Center by Trt 0.303  0.132 0.296 0.144 0284  0.150
25 0  GEE* without Robust SEs ~ 0.385  0.061 0.378 0.067 0373  0.073
GEE*-Center 0.385  0.061 0.378 0.067 0374  0.073
GEE*-Center by Trt 0.385  0.061 0.378 0.067 0374  0.073
0.5 GEE* without Robust SEs  0.344  0.069 0.337 0.072 0326  0.078
GEE*-Center 0.346  0.068 0.337 0.072  0.327  0.078
GEE*-Center by Trt 0.346  0.068 0.337 0.072  0.327  0.078
0.25 GEE* without Robust SEs  0.370  0.064 0.363 0.068 0356  0.073
GEE*-Center 0.370  0.064 0.363 0.068 0355  0.073
GEE*-Center by Trt 0.370  0.064 0.363 0.068  0.355  0.073
0.75 GEE* without Robust SEs  0.294  0.070 0.285 0.073 0274  0.076
GEE*-Center 0.289  0.071 0.280 0.073 0269  0.073
GEE*-Center by Trt 0.289  0.071 0.280 0.073 0269  0.073
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Table A. 3. Properties of point estimated PF for true PF was 0 using three additional GEE models under homogeneous
and heterogenous scenarios with different ICC values (0, 0.25, 0.5, and 0.75) and the number of centers (5 vs 25).

Variance of Center-by-Treatment Effect

0 0.4 0.8

n. ICC Method Bias MSE Length Bias MSE Length Bias MSE Length
5 0  GEE* without Robust SEs  -0.005 0.010 0.902 -0.005 0.013 0.907 -0.011 0.017 00918
GEE*-Center -0.005 0.010 0.321 -0.005 0.013 0372 -0.011 0.017 0.428
GEE*-Center by Trt -0.005 0.010 0.227 -0.005 0.013 0.263 -0.011 0.017 0.301
0.5 GEE* without Robust SEs  -0.007 0.012 0.943 -0.006 0.017 0950 -0.012 0.020 0.962
GEE*-Center -0.007 0.012 0.354 -0.006 0.017 0420 -0.011 0.020 0.469
GEE*-Center by Trt -0.007 0.012 0.250 -0.006 0.017 0.296 -0.011 0.020 0.330
0.25 GEE* without Robust SEs  -0.007 0.010 0.920 -0.007 0.015 0925 -0.008 0.017 0.930
GEE*-Center -0.007 0.010 0.337 -0.007 0.015 0.395 -0.008 0.017 0.442
GEE*-Center by Trt -0.007 0.010 0.238 -0.007 0.015 0.278 -0.008 0.017 0.311
0.75 GEE* without Robust SEs  -0.005 0.014 0.993 -0.010 0.018 1.004 -0.009 0.022 1.008
GEE*-Center -0.003 0.013 0.368 -0.011 0.018 0418 -0.010 0.022 0.473
GEE*-Center by Trt -0.003 0.013 0.259 -0.011 0.018 0.294 -0.010 0.022 0.333
25 0  GEE* without Robust SEs  -0.004 0.004 0.559 -0.002 0.004 0.560 -0.002 0.005 0.564
GEE*-Center -0.004 0.004 0.231 -0.002 0.004 0.251 -0.002 0.005 0.272
GEE*-Center by Trt -0.004 0.004 0.163 -0.002 0.004 0.178 -0.002 0.005 0.192
0.5 GEE* without Robust SEs  -0.001 0.004 0.577 -0.002 0.005 0.581 -0.002 0.006 0.586
GEE*-Center -0.002 0.004 0.241 -0.002 0.005 0.265 -0.002 0.006 0.284
GEE*-Center by Trt -0.002 0.004 0.170 -0.002 0.005 0.187 -0.002 0.006 0.200
0.25 GEE* without Robust SEs  -0.002 0.004 0.565 -0.003 0.005 0.569 -0.000 0.005 0.571
GEE*-Center -0.002 0.004 0.237 -0.003 0.005 0.260 0.000 0.005 0.278
GEE*-Center by Trt -0.002 0.004 0.167 -0.003 0.005 0.183 0.000 0.005 0.197
0.75 GEE* without Robust SEs  -0.002 0.004 0.601 -0.001 0.005 0.605 -0.003 0.006 0.609
GEE*-Center -0.000 0.004 0.239  0.000 0.004 0.257 -0.002 0.005 0.266
GEE*-Center by Trt -0.000 0.004 0.169 0.000 0.004 0.182 -0.002 0.005 0.188
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Table A. 4. Properties of point estimated PF for true PF was 0.4 using three additional GEE models under homogeneous
and heterogenous scenarios with different ICC values (0, 0.25, 0.5, and 0.75) and the number of centers (5 vs 25).

Variance of Center-by-Treatment Effect

0 0.4 0.8
n. ICC Method Bias MSE Length Bias MSE Length Bias MSE Length
5 0  GEE* without Robust SEs  -0.016 0.010 0.639 -0.020 0.014 0.646 -0.028 0.019 0.656
GEE*-Center -0.016 0.010 0.327 -0.020 0.014 0.394 -0.028 0.019 0.445

GEE*-Center by Trt -0.016 0.010 0.236 -0.020 0.014 0.284 -0.028 0.019 0.320

0.5 GEE* without Robust SEs  -0.054 0.018 0.691 -0.058 0.021 0.699 -0.071 0.027 0.715
GEE*-Center -0.054 0.018 0413 -0.058 0.021 0459 -0.071 0.027 0.499
GEE*-Center by Trt -0.054 0.018 0.297 -0.058 0.021 0.329 -0.071 0.027 0.356

0.25 GEE* without Robust SEs  -0.030 0.013 0.659 -0.037 0.016 0.669 -0.041 0.021 0.675
GEE*-Center -0.030 0.013 0372 -0.037 0.016 0425 -0.041 0.021 0471
GEE*-Center by Trt -0.030 0.013 0.269 -0.037 0.016 0.305 -0.041 0.021 0.338

0.75 GEE* without Robust SEs  -0.097 0.027 0.754 -0.106 0.033 0.775 -0.115 0.038 0.789
GEE*-Center -0.097 0.027 0451 -0.104 0.032 0492 -0.116 0.036 0.516
GEE*-Center by Trt -0.097 0.027 0322 -0.104 0.032 0350 -0.116 0.036 0.367

25 0  GEE* without Robust SEs  -0.015 0.004 0.394 -0.022 0.005 0.399 -0.027 0.006 0.403
GEE*-Center -0.015 0.004 0.234 -0.022 0.005 0.255 -0.026 0.006 0.274
GEE*-Center by Trt -0.015 0.004 0.170 -0.022 0.005 0.185 -0.026 0.006 0.199

0.5 GEE* without Robust SEs  -0.056 0.008 0.426 -0.063 0.009 0431 -0.074 0.011 0.440
GEE*-Center -0.054 0.008 0.261 -0.063 0.009 0275 -0.073 0.011 0.288
GEE*-Center by Trt -0.054 0.008 0.188 -0.063 0.009 0.198 -0.073 0.011 0.207

0.25 GEE* without Robust SEs  -0.030 0.005 0.406 -0.037 0.006 0.411 -0.044 0.007 0.416
GEE*-Center -0.030 0.005 0.248 -0.037 0.006 0.268 -0.045 0.007 0.282
GEE*-Center by Trt -0.030 0.005 0.179 -0.037 0.006 0.194 -0.045 0.007 0.204

0.75 GEE* without Robust SEs  -0.106 0.016 0.461 -0.115 0.019 0.466 -0.126 0.022 0.473
GEE*-Center -0.111 0.017 0.264 -0.120 0.020 0.279 -0.131 0.022 0.287
GEE*-Center by Trt -0.111 0.017 0.189 -0.120 0.020 0.199 -0.131 0.022 0.205
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Figure A. 1. Average point estimated PF with empirical simulation standard deviation (SD) from three
additional GEE models under both homogeneous or heterogeneous scenarios with different ICC values (0,
0.25, 0.5, and 0.75) and the number of centers (5 vs 25). (A) Scenarios: true PF was 0. (B) Scenarios: true

PF was 0.4.
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Figure A. 2. Type I error rate from three additional GEE models under both homogeneous or heterogeneous
scenarios with different ICC values (0, 0.25, 0.5, and 0.75) and the number of centers (5 vs 25).

1.4 H Var of C*T: 0 Var of C*T: 0.4 Var of C*T: 0.8
124 Center Levels: 5 Center Levels: 5 Center Levels: 5
1.0 = t_ ______ *- - - - =
----------- s S
- *= * - _ " -
0_8—------------‘-‘*‘-‘:_ ------- -l_-"'"——-'=-t:_::---------:t -.:- ------ i----::t‘—E::::-
B s | ®F— = x
0.6 “H Tl Rkt N
_____ e - BREE
T e e - . __ =
Tt . T-% L
027 e - -
5 0.0+
g
A~ 1.4 Var of C*T: 0 Var of C*T: 0.4 Var of C*T: 0.8
124 Center Levels: 25 Center Levels: 25 Center Levels: 25
107 === 8| Jooo ook | oo Rl
08— ------——————--- _.‘_\\_\_:___ ________________‘_.;\_\ ________________ "_‘_:x_._:\ _______
0.6 e e Jat
* "®
0.4
0.2
0.0 4
[ [ [ [ [ [ [ [ [ [ [ [
0.00 0.25 0.50 0.75 0.00 0.25 0.50 0.75 0.00 0.25 0.50 0.75
| Methods @ GEE* without Robust SEs Bl GEE*-Center A GEE*-Center by Trt |

Figure A. 3. Power from three additional GEE models under both homogeneous or heterogeneous scenarios
with different ICC values (0, 0.25, 0.5, and 0.75) and the number of centers (5 vs 25).
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Figure A. 4. The convergency for three additional GEE models under both homogeneous or heterogeneous
scenarios with different ICC values (0, 0.25, 0.5, and 0.75) and the number of centers (5 vs 25).
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