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ABSTRACT

Background and Objectives

While the number of adopting stratified cluster randomized trials (CRTS) is
increasing, we have limited knowledge about the methodological and statistical issues

pertaining to this design.

Our objectives were to (i) survey the literature to assess the methodological and
statistical issues and quality of reporting of stratified CRTSs; (ii) examine the sensitivity of
methods for analyzing data from stratified CRTSs; (iii) evaluate the performance of methods

for analyzing continuous data from stratified CRTs.

Methods

We conducted a systematic survey and identified the stratified CRTs from the
database MEDLINE. Data were abstracted on several methodological and statistical issues
including sample size, randomization, and method of analysis. Two empirical studies were
conducted to examine the robustness of methods for analyzing continuous and count data
from stratified CRTs. Furthermore, a simulation study was performed to evaluate the
performance of methods for analyzing continuous data from stratified CRTs under different

scenarios including number of clusters, and cluster sizes.



Results and Conclusions

There was significant deficiency in reporting and analysis of data from stratified
CRTs. The majority of the studies did not adjust the primary method for both clustering

and stratification to assess the intervention effect.

The results from the empirical studies indicated that the methods for analyzing
continuous and count data yielded similar conclusions. However, these methods varied in
terms of magnitude of the effect sizes and widths of the 95% confidence intervals (CIs).
Moreover, these studies demonstrated that, widths of the 95% Cls were narrower, and p-
values were lower when adjusted for stratification compared to without adjusted for

stratification.

The results from the simulation study showed that, performance of all methods
improved as the number of clusters and cluster sizes increases. However, the performance
of these methods deteriorated as the value of intra-cluster correlation coefficient (ICC)
increases. Generalized estimating equations (GEE) and meta-regression yielded type I error
rate of approximately 10% for small number of clusters. Meta-regression was the least
powerful and efficient method compared to GEE, mixed-effects, and cluster-level linear

regression methods.

The contributions of this thesis will guide the researchers to make informed

decision about assessing the intervention effect and reporting of stratified CRTSs.
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Chapter 1

Introduction

1 Introduction

Randomized controlled trials (RCTs) plays a vital role in evidence-based medicine
(EBM) as these trials are the ‘gold standard’ for assessing the efficacy or effectiveness of
treatments or interventions. RCTs can be based on individuals — where individual
participants are randomized into intervention groups, or clusters — where intact clusters are
randomized into intervention groups, which is known as cluster randomized trials (CRTS)
[1]. Over the last couple of decades, the number adopting CRTs with stratified design to
evaluate the intervention effect has been increasing [2, 3]. However, less attention has been

given to methodological and statistical issues pertaining to stratified CRTSs.

1.1 Cluster Randomized Trial

In CRTs, intact groups or clusters of individuals are randomly assigned to
intervention groups [1]. These clusters can be diverse such as communities [4], schools [5],
or geographical areas [6]. For example, in the CHAP trial, intact communities were
randomized to assess the efficacy of community-based cardiovascular health awareness

program [4].
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1.1.1 Reasons for randomizing clusters
The most common reasons for randomizing clusters of individuals, instead of

individuals, are:

(i) Type of intervention is suitable for cluster randomization:

In RCTs, we generally assess the efficacy of a treatment or medical interventions
applicable to individual patients. However, there are certain type of interventions which
are convenient and cost effective to deliver in the communities or other form of groups
[7,8]. For example, general practices (GPs) were randomized in the diabetes education and
self management for ongoing and newly diagnosed (DESMOND) trial to assess the
effectiveness of an educational intervention about type Il diabetes [9]. It is appropriate to
deliver this intervention in a group, otherwise patients under the same doctor may wonder

why some patients receiving different treatment and may demand the same.

(ii) To avoid treatment Contamination:

One of the main reasons for adopting CRTSs is to avoid contamination — which
occurs when participants in one intervention group receive part or full intervention
allocated to another group [8]. In the vitamin D and osteoporosis (ViDOS) trial [10], the
long-term care (LTC) homes were randomized into intervention knowledge translation
(KT) group and control group, to assess the efficacy of KT intervention on improving the
prescription of vitamin D, calcium and osteoporosis medications. If individual residents

from the same LTC were randomized to different intervention groups, there would be a
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chance of contamination as professionals or participants in the same LTC may alter their

practice for all residents.

(iii) Convenience:

Sometimes CRTSs have greater logistical convenience than the RCTs on individuals
[8]. In the Ghana vitamin A supplementation trial (VAST) study [11], more than 20,000
children were enrolled to assess the efficacy of Vitamin A on mortality — a rare outcome.
It would be difficult to organize this study by individually randomizing these 20,000
children, especially for the field workers. Because field workers, who delivered the study
interventions, Vitamin A or placebo, would require carrying the list of children and check
the groups these children were assigned to over the course of study period. Instead of
randomizing individual children the investigators divided the study investigators into 185
geographical clusters with more than 100 children per cluster and randomized these clusters

into vitamin A or placebo groups, which was much more convenient.

1.1.2 Methodological and statistical issues due to randomizing clusters
There are several methodological and statistical issues that arises due to
randomization of intact clusters, which need to be taken into account in the design and

analysis CRTSs.
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1.1.2.1 Within cluster correlation/Between cluster variation

Due to allocation of intact clusters of individuals the outcomes measured on the
individuals in the same cluster are likely correlated. Within cluster correlation and between
cluster variation represent two separate perspectives of the same phenomenon [8]. The
degree of similarity among the outcomes from the same cluster is measured by intra-cluster
correlation coefficient (ICC), denoted by the Greek letter p [1,7,8], is given by

__ %

Where, o is the between-cluster variance; o2 is the within-cluster variance
ICC, p, generally, fall between 0 and 1[1,8]. A p = 0 indicates there is no clustering or no
between-cluster variance. On the other hand, p = 1 indicates subjects in the same cluster
are perfectly correlated. ICC is analogous to the standard Pearson correlation coefficient
between any two observations from the same cluster [1].

Hayes and Moulton [8] defined a new approach to summarize the between cluster

variability, known as coefficient of variation (CV), defined as the ratio of the standard

deviation between clusters (o;,) and overall mean of the outcome [7,8].

1.1.2.2 Design effect

In CRTs, data are collected from cluster sample of individuals, instead of simple
random sample (SRS), and design effect (DE) is used to measure the inflation in variance
due to this sampling [8]. Design effect is defined as the ratio of the variance of the outcome

when clustering is taken into account to the variance of the outcome when clustering is not
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taken into account and is given by 1+ (m — 1)p, where m is the average cluster size
[1,7,8]. Inflation can be large even with small ICC if the average cluster size is large. For
example, for a study with an estimated ICC, p = 0.02, and average cluster size, m = 52,
the estimated DEis 1+ (m—1)p =1+ (52 —1) *0.02 = 2.02, i.e. we need twice as
many participants as the RCT on individuals [7]. Design effect is also referred to as the
variance inflation factor (VIF) since it measures the increase in the variance resulting from
ignoring the clustering to allow for clustering [1,8]. If we conducted a CRT but performed

the analysis like an RCT assuming individuals are independent, the standard error of the

estimated parameters will be underestimated by v2.02 and more likely to lead to spurious

statistically significant results [1,7].

1.1.2.3 Unit of analysis

There are two main approaches for analyzing data from CRTSs:

(i) Cluster-level analysis
This is a two-stage approach. In the first stage, a summary measure of the outcome
of interest for each cluster is obtained. In the second stage, an appropriate statistical method

is used to analyze the summary measure from each cluster [8].

(i) Individual-level analysis
Individual-level analysis is a one-stage process and based on individual-level data.

It is possible to measure the effects of covariates through an individual-level analysis.
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However, this approach may not perform well for CRTs with a small number of clusters

[8].

1.2 Design of cluster randomized trials

In CRTs, clusters are usually allocated to intervention groups using three basic type
of designs: (i) completely randomized — involve no stratification or matching on baseline
prognostic factors; (ii) matched-pair — involve random assignment of two matched clusters
into different intervention groups in each stratum; and (iii) stratified — extension of
matched-pair design where more than two clusters in one stratum are randomized into

intervention groups.

1.2.1 Stratified cluster randomized trial

In stratified CRTs, the available clusters are first grouped into two or more strata
based on some prognostic, regional, socio-economic, epidemiologic, or other factors [1,8].
Then, the clusters within each stratum are randomized into intervention groups. The
Mallick et al [2] study is an example of a stratified CRT, where schools were first divided
into quintile (1-3: lower and 4-5: higher) and stratified as a high vs low school based on
the socio-economic resources [12]. Then, within each stratum schools were randomized
into Classroom Communication Resource (CCR) or Usual Care groups to examine the
effect of CCR on peer attitude towards children who stutter [12].

A stratified design, aims to reduce the variance of the estimated intervention effect,

is falls between completely randomized and matched-pair design. This design can help to
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achieve more reduction in the variance of the estimated intervention effect than the pair-
matched design [13]. A stratified design has several advantage over a matched-pair design
including (i) it is more efficient and powerful due to the loss of fewer degrees of freedom;
(ii) since there is more than two clusters in each stratum it is possible to test for variation
in intervention effect between strata; (iii) if all strata have more than two clusters, loss of
data from one cluster does not lead to any missing strata [8]. A stratified design is suitable
for study with both small and large number of clusters since it has superior or similar
precision and power compared to matched-pair and completely randomized design,

respectively [8].

2 Methodological developments

There has been a great deal of methodological developments in the field of CRTSs,
over the last five decades, since the publication of the landmark paper by Cornfield in1978
[14] and subsequent publication of statistical notes in BMJ [15-18] and two key books [1,
19]. There are reviews that documented the methodological developments [20, 21].
Recently published books [7, 8, 22] also detailed the development in design and analysis
of CRTs including sample size calculation, recruitment of clusters and individuals, ethics
considerations, estimation of ICCs, statistical analysis methods, and reporting guideline.

Two individual-level analysis models for CRTs are commonly used in practice: (i)
cluster-specific (CS) — estimate the average intervention effect if a participant stays in the
same cluster but move from control to treatment arm; (ii) population-average (PA) —

estimate the average intervention effect if a participant in the population move from control
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to treatment arm [22]. Mixed-effects [23] — a CS approach, and generalized estimating
equation (GEE) [24] — a PA approach, are two models commonly used to analyze the
continuous, binary and count data from CRTs [1,7,8,22]. In addition, Bayesian methods
have been developed for analyzing data from CRTs [25-28].

Several innovative design strategies including stepped wedge and pseudo cluster
randomized design have been developed and the methods have been developed to analyze
the data from these designs [22]. Moreover, the CONSORT statement has been extended

to guide the researchers about reporting of CRTs [29].

2.1 Methodological developments in stratified CRTs

Like standard CRTSs, it is necessary to adjust for clustering as well as stratification
to assess the intervention effect of a stratified CRT [1,7,8,22]. Ignoring the adjustment for
stratification leads to wider confidence intervals and larger p-values [30]. Thus, we may
fail to identify the intervention effect when it does exist [30].

Both PA and CS methods discussed in the previous section, adjusting for
stratification, can be used to assess the intervention effect from stratified CRTs [1,22].
Researchers have investigated the performance of methods for analyzing data from CRTs
[31,32, 33]. On the other hand, sensitivity analysis helps us to assess the robustness of the
results obtain from the primary method [34]. However, most of these focused on a
completely randomized design and there is very limited knowledge about the sensitivity of

methods for analyzing data from stratified CRTSs in the literature.
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3 Methodological and statistical challenges of stratified CRTs addressed in this thesis

Several methodological and statistical challenges are addressed in this thesis, which
would be beneficial for design, analysis, and reposting of stratified CRTs. The objectives
of this thesis are to (i) conduct a systematic survey of the literature to assess the statistical
and methodological issues and quality of reporting; (ii) investigate the sensitivity of
methods for analyzing data; (iii) assess the impact of not adjustment for stratification

through empirical comparison; (iv) use simulation to evaluate the performance of methods.

3.1 Systematic survey of the literature to assess the current practice about reporting
and analysis of data from stratified CRTs

Systematic survey of the literature and summarizing evidence about the current
practice are essential to understanding the design characteristics, reporting and analysis of
data from stratified CRTs. Moreover, this summarization helps us to understand whether
there a lack of reporting and analysis methods to assess the effect of intervention, or
whether there is any need for improvement. Kahan and Morris [30] summarizes the
evidence from stratified RCTs on individuals and found that only 26% of the studies
adjusted the primary analysis for balancing or stratification factors. Taljaard et al [35]
recommended the search terms to identify the CRTs. To our knowledge, there is no such
summarization of evidence regarding reporting and analysis of data from stratified CRTs.

In this thesis, we systematically surveyed the literature and identified the stratified
CRTs by adding the term ‘strati*’ with the search terms suggested by Taljaard et al [35]

from the database MEDLINE since the inception to July 2019. We summarized the
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evidence on several aspect of design characteristics including sample size, randomization,

method of analysis, and reporting of results.

3.2 Sensitivity of methods for analyzing continuous data from stratified CRTs

It is vital to assess the robustness of the results obtained from the RCTs or CRTs
[34]. Sensitivity analysis plays an important role to examine the robustness of the
conclusion that obtained from the primary method [34]. For CRTSs, sensitivity analysis can
be performed in different ways including (i) using methods different from the primary
method; (ii) with or without adjusting for clustering; (iii) using different correlation
structure [34]. Methods used to analyze the data from completely randomized CRTs can
be extended to stratified CRTs [1, 22]. These methods fall into two broad categories:
individual-level methods — based on individual-level data and cluster-level methods —
based on cluster-level summary measurements. Mixed-effects model [23] and generalized
estimating equation (GEE) [24] are individual-level methods. The meta-analytic approach
[36] can be used to assess the effect of intervention across all strata of stratified CRTs, like
multi-centre trials [37-39]. There is very limited investigation on the sensitivity of method
for analyzing continuous data from stratified CRTSs.

The outcome from stratified CRTs can be count data. For example, one of the
outcomes in the Vitamin D and Osteoporosis Study (ViDOS) [10] was number of falls,
which was over-dispersed (mean was smaller than the variance) with excessive zeros.
Cluster-specific and population-average extension of Poisson regression can be used to

analyze the count data from CRTs [1, 40]. Similarly, Pacheco et al [41] investigated the

10
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performance of methods for analyzing over-dispersed count data from CRTs. However,
researchers were mostly focused on completely randomized CRTs.

In this thesis, we investigated the sensitivity of methods for analyzing continuous
and count data using the data from Mallick et al [12] and the ViDOS study [10],

respectively.

3.3 Assess the impact of not adjustment for stratification

Failure to adjust for stratification leads to wider confidence intervals and a larger
p-value of the estimated intervention effect [30]. Kahan and Morris [30] demonstrated the
impact of not adjusing for stratification in their study based on RCT on individuals.

In this thesis, we empirically examined the impact of not adjusting for
stratification using the data from two stratified CRTs — Mallick et al [12] and ViDOS

[10] studies.

3.4 Performance of methods for analyzing data from stratified CRTs

Assessing the performance of methods is essential to help researchers choose the
optimal methods to estimate the intervention effect. Researchers have investigated the
performance of methods from CRTSs, which were mostly limited to completely randomized
CRTs [32, 42-45]. Performance of several mixed-effects methods incorporating the
individual- and cluster-level association, was examined to analyze the pretest-postest
continuous outcome from CRTs [43]. On the other hand, Borhan et al [42] and Austin [32]

focused on the performance of methods for analyzing binary data. Chu et al [46]

11
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investigated the performance of several methods including meta-regression to examine the
intervention effect from multicentre RCTs. We have very limited evidence regarding the
performance of methods for analyzing data from stratified CRTSs.

In this thesis, we conducted a simulation study to appraise the performance of
several methods for analyzing continuous data from stratified CRTs. The performance of
these methods was examined in diverse scenarios including varying the number of clusters,

cluster size, effect size, and ICCs.

4 Scope and outline of this thesis

This is a ‘sandwich’ thesis with four papers. First, we conducted a systematic
survey to summarize the evidence about reporting and analysis of data from stratified
CRTs. Second, we conducted an empirical study to examine the sensitivity and assess the
impact of not adjusting for stratification when the outcome of interest is continuous. Third,
we empirically assessed the sensitivity and impact of not adjusted for stratification in the
case of count outcome. Fourth, we conducted a simulation study to evaluate the
performance of methods for analyzing continuous data from stratified CRTs. Two of these
four research works have been published while the other two are under review.
In this thesis, we focused on the following research questions:
1. What is the quality of reporting stratified CRTs?
2. Is the intervention effect assessed through proper adjustments — namely, clustering and
stratification?

3. How robust is the methods for analyzing continuous data from stratified CRTs?

12
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4. How robust is the methods for analyzing over-dispersed count data with excessive zeros
from stratified CRTs?

5. What is the impact of not adjusting for stratification?

6. How the varying number of clusters, cluster sizes, ICCs, and effect sizes impact the

performance of methods for analyzing continuous data from stratified CRTs?

In Chapter 2, we summarized the evidence regarding reporting and analysis of data
from stratified CRTs. We focused on several vital methods and design characteristics
including sample size, randomization and reporting of results. Also, we summarized the
evidence about the primary method for assessing the intervention effect from stratified
CRTs.

In Chapter 3, we examined the sensitivity of methods for analyzing continuous data
from stratified CRTs. We empirically compared several methods for examining the
intervention effect.

Chapter 4 contains the results of the empirical comparison of sensitivity of methods
for analyzing count data, especially when the outcome was over-dispersed with excessive
zeros, i.e. zero-inflated over-dispersed count data from stratified CRTS.

In Chapter 5, we conducted a simulation study to explore the performance of several
methods for analyzing continuous data from stratified CRTs. The performance of these
methods was evaluated under different scenarios including varying number of clusters,
cluster sizes, ICCs and effect sizes.

Chapter 6 contains the discussion and conclusion.

13
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Certainly, the evidence from this thesis will guide the researchers and decision
makers to make informed decision about the reporting of stratified CRTs and methods for

assessing the intervention effect from stratified CRTSs.

14
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Abstract

Background

In order to correctly assess the effect of intervention from stratified cluster
randomized trials (CRTS) it is necessary to adjust for both clustering and stratification, as
failure to adjust can lead to erroneously large p-values and wider confidence intervals. We
have conducted a systematic survey the literature to examine the analysis and reporting of

stratified CRTs.

Method

We used the search terms to identify stratified CRTs from MEDLINE since the
inception to July 2019. In phase 1, we screened the title and abstract for English only study
and selected studies, including the protocols, for the next phase. In phase 2, we screened
the full text, identified the published main results of the protocol papers of phase 1, and
selected studies for data abstraction. Data abstraction form was piloted and developed using
REDCap. We abstracted data on multiple study characteristics including whether the
primary method adjusted for clustering and stratification, and reporting of sample size,

randomization, and effect estimate.
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Results

We screened 2686 studies in the phasel and selected 286 studies for phase 2 -
among them 185 studies were selected for data abstraction. Most of the selected studies
were two-arm 140/185(76%) and parallel-group 165/185(89%) trials. Twenty-seven
(15%) of the 185 studies did not provide any sample size or power calculation, while
105(57%) studies did not mention any method used for randomization. Further, 43(23%)
and 150(81%) of 185 studies did not specifically provide information about how the strata
were defined and included in the flow chart for all the stratification variables, respectively.
More than half 114/185(62%) of the studies did not adjusted for both clustering and

stratification and 66/73(90%) of the studies adjusted for stratification as a covariate.

Conclusion

Stratification helps to achieve the balance among intervention groups. But to
correctly assess the intervention effect from stratified CRTs, it is important to adjust the
primary analysis for both stratification and clustering. Reporting of stratified CRTs require
substantial improvement in several areas including definition of strata, inclusion of
stratification variable(s) in the flow chart or baseline characteristics table, and the stratum-

specific number of clusters and individuals in the intervention groups.

Key words: Stratification, Cluster randomized trial, Systematic survey
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Background

The random allocation of intact group of subjects - termed as clusters, into
intervention groups are commonly known as cluster randomized trials (CRTs) [1]. The
number of adopting CRTSs to assess the effect of intervention is increasing [2]. The type of
clusters can be diverse such as: geographical areas [3]; health care districts [4]; and schools
[5]. There are several type of experimental design strategies that are used to allocate
clusters including: completely randomized, stratified and matched-pair. Clusters are
randomly allocated to intervention groups within each stratum in stratified design, which

is suitable for small number of clusters [6].

The potential degree of similarity among the outcomes from the same cluster,
measured through intra-cluster correlation coefficient (ICC), should be taken into account
to assess the intervention effect from cluster randomized trials [1]. The failure to account
for this correlation may yield a false positive result [1,7]. Scientists have developed and
recommended statistical methods that can be used to examine the intervention effect, while
taking into account the ICC of clustering [1]. In addition, in the case of a stratified design
the statistical methods need to adjust for stratification [1]. It has been shown in the literature
that variables used in the randomization process should be adjusted for in the analysis [8-
13]. The absence of such adjustment in the analysis can yield large p-values and wider
confidence intervals, which could potentially lead to a misleading conclusion that the
intervention has no effect [14]. Borhan et al [15] empirically compared the methods for

analyzing continuous data from stratified CRTs and reported that confidence intervals were
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wider when not adjusted for stratification compared to when adjusted for stratification for

the corresponding method.

Thus, to correctly assess the effect of intervention it is important to adjust for
stratification variables as it will yield correct p-values and confidence intervals. Kahan and
Morris [14] conducted a small-scale review on randomized trials and reported that only
26% of the studies adjusted for the balancing factors in their primary analysis. However,
we have limited or no knowledge on how often the assessment of intervention effect from

the stratified CRTs adjusted for clustering and stratification occurred.

In this study, we conducted a systematic survey to examine the analysis and
reporting of stratified CRTs, which covered several aspects including how often the
primary method to examine the effect of intervention adjusted for both clustering and
stratification as well as whether the reporting of sample size calculations, randomization,

and stratification were adequate.

Method

In this systematic survey we identified the stratified cluster randomized trials and
abstracted data on multiple study characteristics including sample size estimation,

randomization, analysis and reporting.
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Search strategy and study selection

We added the term ‘strati*’ with the search terms (Table 1) suggested by Taljaard
et al [16] to identify the stratified cluster randomized trials from MEDLINE since 1946 to
July 2019. First, we performed title and abstract screening and selected the English only
studies in the protocol. In the next phase, we screened the full text selected in the first phase
and identified the studies for data abstraction. We used the protocol paper to identify the
published main study results included in the study. In the case of multiple articles form the
same trial we included only the main study results. Selection of studies were performed
using EndNote X8. PRISMA flow diagram [17] was used to document the study selection

process.

Data abstraction

A data abstraction form was piloted and developed using REDCap. Data abstraction
form include data on many study characteristics including country, clinical area, setting of
the study, sample size calculation, randomization, analysis of primary outcome, and

reporting.

Outcome and analysis

We abstracted data on several methodological and reporting areas related to

stratified CRT and descriptive summary: n (%) or mean (SD) or median (Q1, Q3), were
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used to analyze the outcomes. There were several outcomes on reporting of sample size or
power calculation including whether sample size or power, used level of significance,
desired power, and adjustment of sample size for lost to follow-up reported. Similarly, we
abstracted data on several issues related to randomization including: randomization unit,
number and type of stratification variables and strata and method used for randomization.
Several outcomes from the methods of primary outcome analysis were analyzed including:
type of primary outcome, unit of analysis, type of primary analysis, whether the primary
method adjusted for stratification or clustering or both, how the primary method adjusted
for stratification variables, whether missing data were imputed or sensitivity analysis was
performed, and statistical significance of intervention effect (only for 2-arm trials).
Moreover, we abstracted data on several outcomes related to reporting including whether:
study flow chart or baseline characteristics table included stratification variables, number
of clusters or individuals for each stratum provided and the estimated ICC reported. See

results section for details about the outcomes.

Results

Using the search strategy recommended by Taljaard et al [16] we have identified
2686 papers from MEDLINE since the inception to July 2019 (Table 1). At phase 1 we
conducted title and abstract screening and identified 286 papers, including the protocols,

for the next phase (Figure 1). In phase 2, we screened the full texts and identified the main
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results papers of the protocols from phase 1 for data abstraction. Finally, 185 studies were

selected for analysis (Figure 1).

The results of some basic characteristics of the selected studies are provided in
Table 2. About 80% of the studies were from 2010 to 2019, while only 7 (4%) studies were
from before 2000. Almost half of the studies, 48% were one centred, and most of the studies
(31%) were conducted in USA or UK (Table 2). Thirty-six (19%) and 27 (15%) studies
were focused on interventions related to child development or primary care/general
practices. Almost the same number of studies 36 and 38 were school- or general practice-
based, respectively (Table 2). Most of the studies 140 (76%) and 165 (89%) studies were

2-arm and parallel-group trials, respectively (Table 2).

One hundred and fifty-eight (85%) out of 185 studies provided sample size or
power calculations while 66% of the studies adjusted for clustering (Figure 2). While more
than 80% of the studies reported the level of significance or desired power in sample size
or power calculations, only 10% of the studies reported the method used and 28% of the
studies adjusted for lost to follow-up in sample size/power calculations (Figure 2). Like the
setting of the study almost similar numbers of studies used school or primary care/general
practice as the randomization unit (Figure 3). Almost half of the studies had one
stratification variable, while only 2% of the studies had 4 or more stratification variables.
Most of the stratification variables (35%) were based on geographical location or distance.
More than half of the studies (57%) did not provide the method used for randomization,

while 23% of the studies specified all the strata (Figure 3).
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The results outcomes related to method of analysis of primary analysis are provided
in Table 3. The primary outcome of 83% of the studies were continuous or binary. One
hundred and forty-three (77%) studies performed individual-level analysis, while for 8%
of the studies, it was not clear whether they performed cluster-level or individual-level
analyses. More than half (52%) of the studies used an intention-to-treat approach as their
primary analysis approach, while 43% of the studies did not mention their primary analysis
approach (Table 3). Seventy-one (38%) studies reported primary method/effect estimate
adjusted for both clustering and stratification, among the studies adjusted for stratification,
90% of the studies adjusted for stratification by using them as the covariate(s) (Table 3).
Twenty-five (47%) of the studies reported their statistically significant intervention effect,
among the studies where the effect estimate adjusted for both clustering and stratification.
The results of outcomes pertaining to reporting of outcomes are provided in Figure 4. Only
19% and 31% of the studies included stratification variables in the flow chart or baseline

characteristics table. Only 10% of the studies reported stratum-specific effect estimate.

Discussion

In this, first-ever, systematic survey we selected 185 stratified cluster randomized
trials from MEDLINE since the inception to July 2019 and found that 38% of the studies
reported effect estimate adjusted for both clustering and stratification. This results largely
supported by the findings of Kahan and Morris [14], as they reported 26% of the studies

from their review adjusted for balancing factors.
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As we discussed before, in order to correctly assess the effect of intervention, it is important
to analyze the primary/secondary outcomes adjusted for stratification variables as well as
clustering [14], which is also established from the empirical study of Borhan et al [15].
From this systematic review it is evident that this type of adjustment is still scarce as more

than half of the studies did not adjust for both stratification variables and clustering.

Along with performing adjusted analyses we also need to focus on other areas of
stratified cluster randomization trials including: sample size calculation and randomization.
Like randomized controlled trials on individuals it is necessary to report all the information
used to calculate the sample size including detectable difference, level of significance, and
desirable power. Further, it is also necessary to report the randomization method used to
allocate clusters to intervention groups for each stratum, which was not reported by most

of the studies in this survey.

It is noteworthy from this systematics survey that there are significant deficiencies
in reporting the results from the stratified CRT. Reporting on the following areas, at
minimum, would better represent and help the audience to better understand the stratified
nature of this type of study: (1) only a few studies provided the reasoning for stratification.
Reporting the reasoning for stratified design and choosing the stratification variable(s)
would be helpful; (2) more than 20% of the studies did not provide the definition of all the
strata. For a stratified design it is essential to report how all the strata are defined; (3) almost
all the studies provided the study flow chart, while only 19% and 31% of the studies
included stratification variables/strata in the flow chart or in baseline characteristic table,

respectively. Inclusion of stratification variables in the flow chart or baseline characteristics
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table would provide the clear depiction of the design; (4) only 20% and 11% of the studies
reported the stratum-specific number of clusters and individuals in the intervention groups,
respectively. Thus, more attention is needed to report these numbers; (5) reporting the
stratum-specific, if possible, would help the readers to know the intervention effect in each

stratum.

The major strength of this study was that we used the search terms recommended
by Taljaard et al [16] to select the stratified cluster randomized trials from one of the largest
database MEDLINE. Also, we included the published main trial results of the protocols
selected in title and abstract screening. Further, this survey was based on the time period
from 1946 to 2019. The major limitation of this study that, only one reviewer conducted
this survey. Despite multiple checking or best effort, it is possible that, the reviewer may

have failed to include some of the eligible studies.

A well-designed large-scale systematic review would depict a more complete
picture about the analysis and reporting status of stratified cluster randomized trials.
Furthermore, a guideline for analysis and reporting of stratified cluster randomized trials

would be helpful to guide the researchers.

Conclusion

In this, first-ever, systematic survey we identified and selected stratified cluster
randomized trials since inception 1946 to July 2019 for analysis. More than half (57%) and

15% of the studies did not report the method used for randomization and sample size or
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power calculation, respectively. Similarly, primary method or reported intervention effect
for more than half (62%) of the studies were not adjusted for both clustering and
stratification. Also, there was substantial lack in reporting as only 23% of the studies did
not provide details on how all the strata were defined, while 81% and 69% of the studies,
respectively, did not include stratification variables in the study flow chart and did not
provide stratum-specific summary statistics. To assess the intervention effect using
stratified cluster randomized trial the analysis method should be adjusted for both
stratification and clustering. Further, this type of study requires substantial improvement
in reporting such as details about sample size/power calculation and randomization,
definition of all strata, inclusion of stratification variable(s)/strata in study flow chart or
baseline characteristics table, and stratum-specific number of clusters and individuals in
the intervention groups. A reporting guideline focusing on stratified cluster randomized
trial would help guide the researchers about analysis and reporting of data from this type

of study.
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Table 1: Search terms used to identify studies from MEDLINE since the inception
to July 2019

OO dOOULL B WN K-
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12
13
14
15
16
17
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19
20
21
22
23
24

randomized controlled trial.pt. (485792)
animals/ (6439569)
humans/ (17863499)
2 not (2 and 3) (4567683)
1 not 4 (474298)
(clusters$ adj2 randomi$).tw. (203)
((communit$ adj2 intervention$) or (communit$ adj2 randomisS)).tw. (7588)
group$ randomiS.tw. (3177)
6 or 7 or 8 (10908)
intervention?.tw. (861625)
cluster analysis/ (59383)
health promotion/ (70103)
program evaluation/ (59930)
health education/ (59114)
10or1l1or12or13 or 14 (1051673)
9 or 15 (1053569)
16 or 5 (1434924)
16 and 5 (92943)
strat*.mp. (1177180)
17 and 19 (160437)
18 and 19 (11717)
strati*.mp. (168454)
17 and 22 (24676)
18 and 22 (2686)
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Total papers from

initial search:
2686

Title and Abstract Screening:
Selected stratified cluster
randomized trials including the
protocol (English only)

Phase 1: Titleand
Abstract
Screening: 286

Full Text Screening:
- Excluded pilot or feasibility
study

Phase 2: Full Text
Screening:
185

(included in the analysis)

Figure 1: Flow chart of study selection
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Table 2: Results of study characteristics

Characteristics Number of studies
included; n=185
Publication year; n (%)
Before 2000 7(4)
Between 2001 and 2010 30 (16)
Between 2011 and 2019 148 (80)
Centre of study; n (%)
One 89 (48)
Two 44 (24)
Three or more 52 (28)
Country of the study; n (%)
UK 32 (17)
USA 26 (14)
Canada 8 (4)
India 7(4)
Australia 15 (8)
Denmark 7(4)
Germany 5@13)
Netherlands 6 (3)
South Africa 8 (4)
Others 71 (39)
Clinical area; n (%)
Child development 36 (19)
Primary care 27 (15)
Maternal and child health 16 (9)
HIV 12 (6)
Cancer 9(5)
Malaria 9 (5
Cardiovascular 5@13)
Cognitive and mental health 10 (5)
Others 61 (33)
Setting of the study; n (%)
School 36 (19)
General practice/Primary care 38 (21)
Community 36 (19)
Hospital 18 (10)
Village 10 (5)
Family 6 (3)
Others 41 (22)
Design of the study; n (%)
Parallel 165 (89)
Cross-over 2 (1)
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Stepped wedge 3(2)
Factorial 7(4)
Matched pair 6 (3)
Split-plot 1(1)
Zelen design 1(1)
Arm of the study; n (%)

2 140 (76)
3 28 (15)
4 14 (8)
5 2 (1)

6 or more 1(1)
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Provided sample size or power calculation| I | 58
Reported detectable difference | EE—— | 55

Reported power | e — 151

Reported level of significance | 134
Didn't report the tail of test in sample size calculation | 128
Reported ICC or CV/| 115

Adjusted for lost to follow-up | T 52

Reported method of sample size or power calculation| == 18

0 25 50 75
Percentage of studies

Figure 2: Results of outcomes related to sample size or power calculation among
all the studies (n=185)
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i
" ,J(;S n Other 79
' One | N0 | General practice | m— %
Simple — 2 School | ——— 2
Tiwo | I— 85 A
Block { me— 2% Community 7 === 14
Pemnuted blck = jp Tt 19 eI j
Hospital = 8
QOther{ == 14| Fourormore ® 3 Faily | = 8
T 0 o0 R
Percentage of studes Percentage of studies Percentage of studies
Specify all the strata Stratfication variables type (n=28)
I
n Geographica| | Me—— ()
S Type of cluster | e— 59
Yes | NN ) | Epidemiologic/Prognostic | memm— 5
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Figure 3: Results of outcomes related to randomization among all the studies
(n=185) except type of stratification variables
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Table 4: Results of outcomes related to analysis method among all the studies
(n=185) except for significance of intervention effect

Outcome n=185
Type of primary outcome; n (%)

Continuous 64 (35)
Binary 88 (48)
Count 28 (15)
Time to event 3(2)
Other 2(1)
Unit of analysis; n (%)

Cluster-level 28 (15)
Individual-level 143 (77)
Not clear 14 (8)
Primary approach of analysis; n (%)

Intention-to-treat 96 (52)
Per-protocol 9 (5)
Not available 80 (43)

Primary method/Reported effect estimate adjusted for clustering
or stratification; n (%)

Clustering and stratification 71 (38)
Clustering only 92 (50)
Stratification only 2(1)
None 20 (11)
Type of adjustment for stratification; n (%) [n=73]

As a covariate 66 (90)
Stratum specific estimate and then combine 5(7)
Stratum specific estimate 23
Imputed missing data; n (%)

No 150 (81)
Yes 35 (19)
Performed sensitivity analysis; n (%)

No 127 (69)
Yes 58 (31)
Intervention effect significant; n (%) [2-arm trials only; n=140]

No 76 (54)
Yes 64 (46)

Significance of intervention effect among those adjusted for both
clustering and stratification; n (%) [n=58]

No 32 (55)
Yes 26 (45)
Significance of intervention effect among those not adjusted for
both clustering and stratification; n (%) [n=82]

No 44 (54)
Yes 38 (46)
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Stratum-specific effect estimate reported

Stratum-specific number of individuals reported

Flow chart included stratification variable(s)

Stratum-specific number of clusters reported

Reported estimated ICC value

Baseline characteristics table included stratification variable(s)

18

20

35

37

38

58

o

10

N
o

30
Percentage of studies

Figure 4: Results of reporting outcomes among all the included studies (n=185)
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Checklist item

Reported on page
#

TITLE

Title Identify the report as a systematic review, meta- | 1
analysis, or both.

ABSTRACT

Structured summary Provide a structured summary including, as 2
applicable: background; objectives; data
sources; study eligibility criteria, participants,
and interventions; study appraisal and synthesis
methods; results; limitations; conclusions and
implications of key findings; systematic review
registration number.

INTRODUCTION

Rationale Describe the rationale for the review in the 3
context of what is already known.

Obijectives Provide an explicit statement of questions being | 3
addressed with reference to participants,
interventions, comparisons, outcomes, and study
design (PICOS).

METHODS

Protocol and registration

Indicate if a review protocol exists, if and where
it can be accessed (e.g., Web address), and, if
available, provide registration information
including registration number.

There was no
protocol and
registration for this
systematic survey.

Eligibility criteria

Specify study characteristics (e.g., PICOS,
length of follow-up) and report characteristics
(e.g., years considered, language, publication
status) used as criteria for eligibility, giving
rationale.

4

Information sources

Describe all information sources (e.g., databases
with dates of coverage, contact with study
authors to identify additional studies) in the
search and date last searched.

Search

Present full electronic search strategy for at least
one database, including any limits used, such
that it could be repeated.

4,10

Study selection

State the process for selecting studies (i.e.,
screening, eligibility, included in systematic
review, and, if applicable, included in the meta-
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analysis).
Data collection process 10 | Describe method of data extraction from reports | 4
(e.g., piloted forms, independently, in duplicate)
and any processes for obtaining and confirming
data from investigators.
Data items 11 | List and define all variables for which data were | 4
sought (e.g., PICOS, funding sources) and any
assumptions and simplifications made.
Risk of bias in individual | 12 | Describe methods used for assessing risk of bias | This was a
studies of individual studies (including specification of | systematic survey
whether this was done at the study or outcome on reporting
level), and how this information is to be used in | analysis of data
any data synthesis. from stratified
cluster randomized
trials. Since this
was not a clinical
systematic review,
we didn’t assess the
risk of bias of
individual study.
Summary measures 13 | State the principal summary measures (e.g., risk | This was a
ratio, difference in means). systematic survey
on reporting
analysis of data
from stratified
cluster randomized
trials. Since this
was not a clinical
systematic review,
there was no
summary of the
outcomes.
Synthesis of results 14 | Describe the methods of handling data and This was a

combining results of studies, if done, including
measures of consistency (e.g., 1?) for each meta-
analysis.

systematic survey
on reporting
analysis of data
from stratified
cluster randomized
trials. Since this
was not a clinical
systematic review,
there was no meta-
analysis or
assessment of
heterogeneity.
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Risk of bias across 15 | Specify any assessment of risk of bias that may | This was a
studies affect the cumulative evidence (e.g., publication | systematic survey
bias, selective reporting within studies). on reporting
analysis of data
from stratified
cluster randomized
trials. Since this
was not a clinical
systematic review,
there was no risk of
bias across studies.
Additional analyses 16 | Describe methods of additional analyses (e.g., This was a
sensitivity or subgroup analyses, meta- systematic survey
regression), if done, indicating which were pre- | on reporting
specified. analysis of data
from stratified
cluster randomized
trials. Since this
was not a clinical
systematic review,
there was no
sensitivity or pre-
specified subgroup
analyses.
RESULTS
Study selection 17 | Give numbers of studies screened, assessed for 45
eligibility, and included in the review, with
reasons for exclusions at each stage, ideally with
a flow diagram.
Study characteristics 18 | For each study, present characteristics for which | 5, 12
data were extracted (e.g., study size, PICOS,
follow-up period) and provide the citations.
Risk of bias within 19 | Present data on risk of bias of each study and, if | This was a

studies

available, any outcome level assessment (see
item 12).

systematic survey
on reporting
analysis of data
from stratified
cluster randomized
trials. Since this
was not a clinical
systematic review,
we didn’t assess the
risk of bias of
individual study.
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Results of individual
studies

20

For all outcomes considered (benefits or harms),
present, for each study: (a) simple summary data
for each intervention group (b) effect estimates
and confidence intervals, ideally with a forest
plot.

This was a
systematic survey
on reporting
analysis of data
from stratified
cluster randomized
trials. Since this
was not a clinical
systematic review,
there was results of
individual studies.

Synthesis of results

21

Present results of each meta-analysis done,
including confidence intervals and measures of
consistency.

This was a
systematic survey
on reporting
analysis of data
from stratified
cluster randomized
trials. Since this
was not a clinical
systematic review,
there was no meta-
analysis.

Risk of bias across
studies

22

Present results of any assessment of risk of bias
across studies (see Item 15).

This was a
systematic survey
on reporting
analysis of data
from stratified
cluster randomized
trials. Since this
was not a clinical
systematic review,
there was no risk of
bias across studies.

Additional analysis

23

Give results of additional analyses, if done (e.g.,
sensitivity or subgroup analyses, meta-
regression [see Item 16]).

This was a
systematic survey
on reporting
analysis of data
from stratified
cluster randomized
trials. Since this
was not a clinical
systematic review,
there was no
sensitivity or pre-
specified subgroup
analyses.
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review and other support (e.g., supply of data);
role of funders for the systematic review.

DISCUSSION

Summary of evidence 24 | Summarize the main findings including the 5,6
strength of evidence for each main outcome;
consider their relevance to key groups (e.g.,
healthcare providers, users, and policy makers).

Limitations 25 | Discuss limitations at study and outcome level 6
(e.g., risk of bias), and at review-level (e.g.,
incomplete retrieval of identified research,
reporting bias).

Conclusions 26 | Provide a general interpretation of the resultsin | 6,7
the context of other evidence, and implications
for future research.

FUNDING

Funding 27 | Describe sources of funding for the systematic 7

From: Moher D, Liberati A, Tetzlaff J, Altman DG, The PRISMA Group (2009). Preferred Reporting Items for Systematic
Reviews and Meta-Analyses: The PRISMA Statement. PLoS Med 6(6): €1000097. doi:10.1371/journal.pmed1000097
For more information, visit: www.prisma-statement.org.
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ARTICLE INFO ABSTRACT

The assessment of the sensitivity of statistical methods has received little attention in cluster randomized trials
(CRTs), especially for stratified CRT when the outcome of interest is continuous. We empirically examined the
sensitivity of five methods for analyzing the continuous outcome from a stratified CRT - aimed to investigate the
efficacy of the Classroom Communication Resource (CCR) compared to usual care to improve the peer attitude
towards children who stutter among grade 7 students. Schools — the clusters, were divided into quintile based on
their socio-political resources, and then stratified by quintile. The schools were then randomized to CCR and
usual care groups in each stratum. The primary outcome was Stuttering Resource Outcomes Measure. Five
methods, including the primary method, were used in this study to examine the effect of CCR. The individual-
level methods were: (i) linear regression; (ii) mixed-effects method; (iii) GEE with exchangeable correlation
structure (primary method of analysis). And the cluster-level methods were: (iv) cluster-level linear regression;
and (v) meta-regression. These methods were also compared with or without adjustment for stratification. Ten
schools were stratified by quintile, and then randomized to CCR (223 students) and usual care (231 students)
groups. The direction of the estimated differences was same for all the methods except meta-regression. The
widths of the 95% confidence intervals were narrower when adjusted for stratification. The overall conclusion
from all the methods was similar but slightly differed in terms of effect estimate and widths of confidence
intervals.

Trialregistration: Clinicaltrials.gov, NCT03111524. Registered on 9 March 2017.

Keywords:

Stratification

Cluster randomized trial
Sensitivity analysis
Continuous

1. Background

Randomization of intact groups, namely clusters, into intervention
groups are known as cluster randomized trials (CRT) [1]. Over the
years, the number of adopting CRTs is increasing [2]. Diverse types of
clusters can be allocated in CRTs including: geographical areas [3];
health care districts [4]; and schools [5]. Like trials on individuals’,
most CRTs use one of the following three experimental design strategy
such as: (a) completely randomized; (b) matched-pair; or (c) stratified.
A completely randomized design is satisfactory with substantial number
of clusters while stratified design is suitable for small number of clusters
[6]. In stratified designs, clusters are randomly allocated to the

intervention and control groups within each stratum. For example,
Mallick et al. [5] conducted a school-based CRT to investigate the effect
of the Classroom Communication Resource (CCR), vs Usual Care, to
improve the peer attitude towards children who stutter (CWS). In this
trial, schools were first divided into quintile (1-3: lower and 4-5:
higher) and stratified as a high vs low school based on the socio-eco-
nomic resources [5].

Due to the randomization of intact clusters, the outcome from the
same cluster may be similar. The intra-cluster correlation coefficient
(ICQ) is used to measure the degree of similarity [1]. The variance of
the estimated intervention effect is inflated due to this correlation and
may produce spurious statistically significant results [1,7]. This
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inflation can be quantified by the design effect, given by
1+ (m — 1)ICC , where m is the average cluster size [1]. Thus, the
statistical methods should take into account the potential correlation
among the outcomes from the same cluster. Further, the methodologies
need to be adjusted for stratification due to stratified design. Re-
searchers have recommended several approaches to analyze the con-
tinuous data from completely randomized CRT, which can be extended
to stratified designs [1]. The methodologies are broadly classified into
two categories: individual- and cluster-level methods. Individual-level
methods use the individual-level data such as mixed-model [8] or
generalized estimating equation (GEE) [9]. Similarly, we can employ
the meta-analytic approach (cluster-level method), which commonly
used to combine the results from different studies [10]. This approach
helps to aggregate the treatment effects over multiple stratum, like
multicentre trials [11-13].

In addition, it is vital to assess the robustness of the results obtained
from the randomized controlled trials [14]. The sensitivity analysis
helps us to assess the robustness of the results [14]. For CRTs, we can
perform several sensitivity analyses. First, we can conduct sensitivity
analyses with or without considering the clustering. Secondly, results
are compared using different correlation structures [14]. For stratified
designs, we can also assess robustness by comparing the methods with
or without adjusted for stratification. The GEE with exchangeable
correlation structure was used as the primary method of analysis in the
Mallick et al. [5] study.

In this study, we empirically examined the sensitivity of methods for
analyzing continuous outcome from the stratified CRT using the data
from the Mallick et al. [5] study, which in turn demonstrated the ro-
bustness of the results obtained using the primary GEE method.

2. Methods
2.1. Overview of the mallick et al. study

The details about the Mallick et al. study can be found elsewhere
[5,15]. In brief, this was a cluster randomized trial aimed at examining
the effect of Classroom Communication Resource (CCR) on peer atti-
tude towards Children Who Stutter (CWS) in South African schools in
the Western Cape. Schools were the unit of randomization and the
participants of this trial were the grade 7 students. The selected schools
were first stratified to high or low quintile groups and then randomized
to CCR or usual care groups. The grade 7 teachers in the intervention
group received training on CCR and administered the intervention
(including a social story, role-play and facilitated discussion) while
participants in the control group received usual curriculum. The par-
ticipants were assessed 6-month post intervention. The primary out-
come was Stuttering Resource Outcomes Measure (SROM) completed at
baseline and 6-month post intervention. The study flow chart is pre-
sented in Fig. 1.

2.2. Statistical methods

Both individual-level and cluster-level methods were used to ana-
lyze the data from the Mallick et al. [5] study. The cluster-and in-
dividual-level methods can be adjusted for cluster-level covariates,
while individual-level methods can be adjusted for individual-level
covariates. The adjustment for stratification covariate, quintile, was
applicable for cluster- and individual-level methods, since this was a
cluster-level covariate. The results from the analyses were reported in
terms of difference (Intervention - Control) along with 95% confidence
interval (CI) and associated p-value. All statistical tests were two-sided
at the significance level of 0.05. The p-value less than 0.001 were re-
ported as < 0.001 The reporting of the results follows the CONSORT
(Consolidated Standards for Reporting Trials) guidelines for reporting
cluster-randomized trials [16].

Data were analyzed using both intention-to-treat (ITT) and per-
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protocol principles. Missing data were imputed using multiple im-
putation technique assuming missing data follows a missing at random
(MAR) pattern. Overall, five datasets were generated, and pooled esti-
mates were reported. All analyses were performed using statistical
software R [17].

2.2.1. Individual-level methods

2.2.1.1. Linear regression
The linear regression can be expressed as

Y = By + By X + e

Where Yy, is the outcome of the I-th subject in the k-th cluster, j-th
intervention group and i-th stratum. X, represents the intervention
assignment (Xj; =1 for the treatment group; X; = 0 for the control),
and ey is the random error assumed to follow a normal distribution
with mean 0 and variance oZ. The intercept (8,) represents the mean
outcome for the control group in all clusters, while the slope (§,) re-
presents the effect of the treatment on the mean outcome.

The linear regression model assumes that data from the participants
are independent. This model was implemented using R package Im().

2.2.1.2. Mixed-effects regression model
The mixed-effects regression model is given by

Y = By + B X + By Sy + Cix + ey

In this model, 3, and 3, represents the treatment and stratum effect,
respectively, which are fixed. Random cluster effect is represented by
Cijk, which follows a normal distribution with mean 0 and variance of.
The intra-cluster correlation that meast;res the correlation among the
%

outcomes within cluster is given by 5> assumed equal for all clus-
+ 0

%
ters. We fitted this model using lme4() package in R with restricted
maximum likelihood (REML) method [18,19].

2.2.1.3. Generalized estimating equation (GEE)

The generalized estimating equation (GEE) [9] has the advantage of
taking into account the correlation of the outcomes through specifica-
tion of working correlation structure. The estimated treatment effect
from the GEE model reflects the both within- and between - cluster
relationship [20]. The sandwich covariance estimator yields a robust
estimate of treatment effect in the case when the correlation structure is
misspecified [21]. Also, small number of clusters leads to an under-
estimate of variance [22].

For the primary GEE analysis, the exchangeable correlation struc-
ture, which based on the assumption that the individuals within the
same cluster are equally correlated, was used. Also, this analysis was
performed using sandwich method for standard error estimation. This
analysis was performed using geepack () package in R.

2.2.2. Cluster-level methods

2.2.2.1. Cluster-level linear regression

This method consists of first estimating a summary measure by
cluster such as mean, and then fitting a linear regression based on these
summary measures [1].

2.2.2.2. Meta-regression

This is a meta-analytic approach where cluster-level summary is
used [10]. This can be extended to perform a stratified analysis on the
mean difference in outcome between intervention and control arms
within stratum. The overall treatment effect is estimated by a weighted
average of individual mean differences across all strata. The principle of
inverse-variance weighting is often used [10]. We implemented this
method using the metacont() package in R.
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Fig. 1. Study flow chart of the Mallick et al. study.

3. Results

In total, the selected 10 schools were stratified into two groups:
higher quintile (6 schools) and lower quintile (4 schools). The schools
were then randomized into the intervention CCR group and control
usual care group. The average cluster size was 45 (range: 30-54) and 46
(range: 18-68) in the CCR and usual care groups, respectively. Overall,
454 students (223 in the CCR group and 231 in the usual care group)
participated in this study. The average age was 13 years for both
groups.

We used the methods discussed above (see statistical methods sec-
tion) to evaluate the effect of intervention. The results of the estimated
intervention effect, using ITT, are provided in Fig. 2 with and without
adjustment for stratification. Results from all the methods, for the
outcome SROM, indicated that the intervention CCR had no statistically
significant effect as all the p-values were greater than the nominal level
of 0.05 (Fig. 2). The estimated mean differences (MDs) were negative
for all the methods except meta regression approach when adjusted for
stratification (MD = 0.01[-0.48, 0.501) (Fig. 2). The p-values for all the
methods were similar or lower when adjusted for stratification com-
pared to the same method when not adjusted for stratification, while
cluster-level linear regression yielded the lowest p-value (Fig. 2). The
magnitude of the widths of the confidence intervals were narrower for
cluster-level linear regression (1.06 (when adjusted for stratification);
1.36 (when not adjusted for stratification)) and meta regression (0.98
(when adjusted for stratification); 1.07 (when not adjusted for stratifi-
cation)) compared to other methods. The widths of the confidence in-
tervals were wider when the methods were not adjusted for stratifica-
tion compared to the same method adjusted for stratification.

The estimated results of the intervention effect using per-protocol

principle are provided in Fig. 3 with and without adjusted for stratifi-
cation. Similar to ITT analyses, results from per-protocol analyses
yielded that the intervention CCR had no statistically significant effect
on the outcome SROM as all the p-values were greater than the nominal
level of 0.05 for both with and without adjustment for stratification
(Fig. 3). The p-values were lower for all the methods when adjusted for
stratification (Fig. 3). Also, like ITT, the estimated mean difference was
positive (MD = 0.08 [-0.99, 1.15]) for the meta regression method in
case of per-protocol analysis. The magnitude of the effect size was
higher in the per-protocol analyses compared to ITT analyses except
GEE with exchangeable correlation structure (when not adjusted for
stratification) (Fig. 3).

For both ITT and per-protocol approaches, the standard errors (SEs)
were lower for methods when adjusted for stratification compared to
the same method when not adjusted for stratification (results are not
presented here).

4. Discussion

In this study, we had empirically investigated the sensitivity of
several methods for analyzing continuous outcome from the stratified
cluster randomized trial using data from the Mallick et al. [5] study. We
used five methods in a frequentist framework to assess the effect of the
intervention CCR on SROM compared to usual care. These methods can
be differentiated by whether they account the clustering effect or adjust
for stratification or both. The overall conclusion, based on intention-to-
treat and per-protocol analyses, from all the methods was similar to the
primary method (GEE with exchangeable correlation structure) i.e.
there was no significant difference between the intervention groups —
Classroom Communication Resources (CCR), and the control group —
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Adjusted for
Method stratification Difference [95%CI] p-value
GEE with Exchangeable S S -0.11[-1.56, 1.34] 0.88
Mixed-effect — -0.18 [-1.78, 1.43] 0.83
Linear regression — -0.21[-1.49, 1.07] 0.75
Cluster-level linear regression ——— -0.31[-0.84, 0.22] 0.25
Meta-regression —a— 0.01[-0.48, 0.50] 0.96
T T f T 1
-2 -1 0 1 2
Not adjusted for
stratification
GEE with Exchangeable » -0.02[-1.72, 1.68] 0.98
Mixed-effect o -0.18 [-2.02, 1.65] 0.85
Linear regression —_— -0.22[-1.51,1.07] 0.74
Cluster-level linear regression — -0.31[-0.99, 0.37] 0.37
Meta-regression ——— -0.22[-0.75, 0.32] 0.43
T T T T 1
-3 -2 -1 0 1 2

Fig. 2. Results of ITT analyses from different methods with and without adjustment for stratification.

Adjusted for
Method stratification Difference [95%CI] p-value
GEE with Exchangeable % -0.09 [-1.47, 1.27] 0.89
Mixed-effect e -0.09 [-1.65, 1.46] 0.92
Linear regression —_— -0.12[-1.36, 1.11] 0.85
Cluster-level linear regression = -0.09 [-1.85, 1.68] 0.91
Meta-regression —— 0.08[-0.99, 1.15] 0.89
T T f T !
-2 -1 0 1 2
Not adjusted for
stratification
GEE with Exchangeable l -0.06 [-1.75,1.63] 0.94
Mixed-effect - -0.07[-1.93,1.80] 0.95
Linear regression —_— -0.05[-1.29,1.19] 0.94
Cluster-level linear regression l -0.09[-2.14,1.96] 0.92
Meta-regression —_— -0.05[-1.23,1.14] 0.94
T T T f T !
-3 -2 -1 0 1 2

Fig. 3. Results of per-protocol analyses from different methods with and without adjustment for stratification.

usual care, in improving the peer attitude towards CWS.

The conclusion from the linear regression method was matched with
other methods, but this method is not appropriate for analyzing data
from CRT, as this method does not account the potential correlation
among the outcomes from the same cluster. The meta-regression
method yielded the narrowest 95% confidence intervals compared to
other methods. There is very little variation among the summary
measure, mean, of control and intervention groups in low and high
stratum i.e. very low heterogeneity, which might lead to yield nar-
rowest confidence interval for meta-regression since the width of the
confidence interval decreases as the heterogeneity decreases [23].
Further, the direction of the estimated difference was opposite (posi-
tive) for this method compared to other methods when adjusted for
stratification. The cluster-level linear regression yielded the widest
confidence intervals for per-protocol approach, which are similar to the
findings of Walter et al. [22]. However, for ITT approach, the cluster-
level methods yielded narrower 95% confidence interval compared to
individual-level methods. These results support the findings of Ukou-
munne et al. [24] as the authors reported that the cluster-level method
performed well, in case of binary data, when ICC is small.

The magnitudes of the estimated differences were similar among the
methods with or without adjusted for stratification. However, the

widths of the 95% confidence intervals were narrower for adjustment of
stratification compared to without adjustment for stratification. These
findings matched with the findings of Ma et al. [25] and Kahan et al.
[26], where the authors compared several methods for analyzing binary
data from stratified CRT and continuous data from stratified rando-
mized controlled trial on individual, respectively. The p-values for all
the methods were lower or similar when adjusted for stratification
compared to the same method when not adjusted for stratification,
which is in line with the findings of Kahan et al. [26].

The failure to adjust for clustering or centre in a multicentre trial
results in inflated standard error and wider confidence interval [22,27].
Walters et al. [22] recommended to use cluster-level methods for
number of cluster less than 15 per group as individual-level methods
may not be reliable in this situation [28,29]. The estimates from the
GEE and mixed-effect methods are connected through ICC [30] and in
our case the estimates were similar due to the smaller ICC of 0.01.

We compared the results of five methods in several scenarios in-
cluding: ITT and per-protocol analyses; with and without stratification;
and account for potential correlation among the outcomes from the
same cluster, which were pertaining to analyze continuous data from
stratified CRTs. Moreover, we compared methods based on both in-
dividual-level and cluster-level summary data. Sensitivity analyses
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might help researchers to make informed decisions, since there is very
limited guidance on which method is the best [14]. Furthermore, these
analyses help to assess the sensitivity to conclusions to different sce-
narios such as, with or without clustering. However, we need to be
cautious that, like binary data, the interpretation of the treatment effect
using the marginal model and the mixed-effect model are may be dif-
ferent [31]. We only considered the multiple imputation technique to
impute the missing data. Further investigation using other missing data
imputation techniques are warranted.

Based on a simulation study on binary data it has been showed that,
the statistical power of GEE is the highest compared to t-test, Wilcoxon
rank sum test, permutation test, adjusted chi-square test and logistic
random-effects model for the analysis of CRTs [32]. However, the es-
timated variance of from GEE is biased when the number of clusters is
small for both binary and continuous data [33-35]. Researchers have
reported the need for large number of clusters, 30-40 for mixed models
and 40-50 for GEEs, in CRTs [1,36]. Also, some corrections have sug-
gested - for mixed models corrections on degrees-of-freedom and for
GEEs corrections to standard error estimations, for analyzing CRTs with
small number of clusters [37-41]. Further studies are warranted to
investigate how these corrections perform in the case of stratified
cluster randomized trials.

5. Conclusion

We have empirically examined the sensitivity of five statistical
methods for analyzing continuous outcome from stratified CRTs. The
overall conclusions from all methods were similar i.e. no significant
effect of the CCR intervention on improving the attitude of peers to-
wards children who stutter. The adjustment for stratification yielded
narrower standard errors and confidence intervals, thus it is important
to adjust for stratification. Similarly, cluster-level methods yielded
narrower confidence intervals compared to individual-level methods.
However, further studies are warranted to assess the performance of
these methods in wide ranging scenarios.
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ARTICLE INFO ABSTRACT

Keywords: Background: The assessment of methods for analyzing over-dispersed zero inflated count outcome has received
Cluster randomized trial very little or no attention in stratified cluster randomized trials. In this study, we performed sensitivity analy-
(S:tratltﬁcanon ses to empirically compare eight methods for analyzing zero inflated over-dispersed count outcome from the
Zeolininﬂate d Vitamin D and Osteoporosis Study (ViDOS) — originally designed to assess the feasibility of a knowledge trans-
Overdispersed lation intervention in long-term care home setting.

Sensitivity Method: Forty long-term care (LTC) homes were stratified and then randomized into knowledge translation
(KT) intervention (19 homes) and control (21 homes) groups. The homes/clusters were stratified by home size
(<250/> = 250) and profit status (profit/non-profit). The outcome of this study was number of falls mea-
sured at 6-month post-intervention. The following methods were used to assess the effect of KT intervention
on number of falls: i) standard Poisson and negative binomial regression; ii) mixed-effects method with Pois-
son and negative binomial distribution; iii) generalized estimating equation (GEE) with Poisson and negative
binomial; iv) zero inflated Poisson and negative binomial — with the latter used as a primary approach. All
these methods were compared with or without adjusting for stratification.

Results: A total of 5,478 older people from 40 LTC homes were included in this study. The mean (=1) of the
number of falls was smaller than the variance (=6). Also 72% and 46% of the number of falls were zero in the
control and intervention groups, respectively. The direction of the estimated incidence rate ratios (IRRs) was
similar for all methods. The zero inflated negative binomial yielded the lowest IRRs and narrowest 95% confi-
dence intervals when adjusted for stratification compared to GEE and mixed-effect methods. Further, the
widths of the 95% confidence intervals were narrower when the methods adjusted for stratification compared
to the same method not adjusted for stratification.

Conclusion: The overall conclusion from the GEE, mixed-effect and zero inflated methods were similar. How-
ever, these methods differ in terms of effect estimate and widths of the confidence interval.

Trial registration: ClinicalTrials.gov: NCT01398527. Registered: 19 July 2011.

1. Background domization trials is increasing [2]. Allocation units are diverse in such
studies, and can include families or households, classrooms or schools

Randomized trials involving allocation of intact groups or clusters [3], long-term care homes [4] or even entire communities [5].
of subjects, instead of independent individuals, are commonly referred Depending on the allocation of clusters, most cluster randomiza-
to as cluster randomized trials [1]. The rate of adopting cluster ran- tion trials can be classified as using one of three basic types of de-
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signs: (a) completely randomized, (b) matched-pair, or (c) stratified.
Completely randomized designs omit pre-stratification and matching
on baseline prognostic factors. This design is most suited for trials en-
rolling fairly large numbers of clusters [6]. Random assignment of one
of the two clusters in a stratum to each intervention group is termed a
matched-pair design [6]. The stratified design extends the matched-
pair design where more than two clusters are randomly allocated to
intervention groups within strata. For example, Vitamin D and Osteo-
porosis Study (ViDOS) [4,7] conducted a pilot stratified cluster ran-
domized trial — where long-term care (LTC) home were stratified by
size and profit status, to assess the effect of a multifaceted knowledge
translation (KT) intervention on prescribing vitamin D, calcium and
osteoporosis medication in long-term care home.

Random allocation of clusters may result in similarity among the
outcomes from the same cluster, which is measured using an intra-
cluster correlation coefficient (ICC) [1]. This correlation among the
responses from the same cluster invalidates the application of statisti-
cal techniques which assume independence of observations. Thus,
standard statistical methodology needs to be adjusted for this cluster-
ing effect, which can be quantified by the design effect, or variance
inflation factor, given by 1 + (i — 1) ICC , where jz is the average clus-
ter size [1].

Donner and Klar [1] discussed about several approaches to analyze
count data from cluster randomized trials including cluster-specific
and population-average extension of Poisson regression. They also dis-
cussed we can easily extend these approaches for stratified cluster
randomized trials. Similarly, Young et al. [8] compared the perfor-
mance of cluster-specific and population-average extension of Poisson
regression using data from a non-randomized study while Pacheco et
al. [9] investigated the performance of methods for analyzing over-
dispersed — variance is greater than the mean, count outcome from
completely randomized CRT. Further, to account the count outcome
with excess zeros we need to use the zero-inflated models. To the best
of our knowledge, no study examined the methods for analyzing over
dispersed and zero-inflated count data from stratified cluster random-
ized trials.

On the other hand, Thabane et al. [10] rightfully emphasized the
importance of performing a sensitivity analysis, which help us to as-
sess the robustness of the results. For cluster randomized trials we can
perform sensitivity analyses with or without taking clustering into ac-
count. We can also compare the methods with or without considering
the stratification. Borhan et al. [11] examined the sensitivity of meth-
ods for analyzing continuous outcome from stratified cluster random-
ized trials and found the overall conclusion from all the methods were
similar.

In this study, we performed sensitivity analyses to empirically
compare eight methods for analyzing zero inflated over-dispersed
count outcome from the ViDOS study [4].

2. Methods
2.1. Motivating example: ViDOS study

We used the data from an LTC-based pilot stratified cluster ran-
domized trial — details can be found elsewhere [4,7], for this study. A
total of 5,478 older people from 40 LTC homes (19 Intervention and
21 Control) were randomized into two groups KT intervention and
control groups. The LTC homes were stratified by size (<250
vs > 250 beds) and profit status (profit vs non-profit). Seven LTC
homes withdrew before the study began. The outcome, number of
falls were measured at 6- and 12-month post-randomization. For this
study, we used the number of falls measured at 12-month. The vari-
ance of the number of falls is greater than the mean number of falls
(variance = 6 > mean = 1). Similarly, for each cluster the mean
number of falls is smaller than the variance of the number of falls.
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Thus, the number of falls was over-dispersed. Further, the number of
falls was zero inflated as 72% and 46% of the number of falls were
zero in the control and intervention groups, respectively.

2.2. Statistical analysis methods

Both cluster-specific (mixed-effect method) and population-
average (generalized estimating equation) methods were used to ana-
lyze the number of falls from the ViDOS study. The mixed-effect zero-
inflated negative binomial model was considered as the primary
method since it can take into account both overdispersion and zero-
inflation as well as clustering. The adjustment for stratification covari-
ates — home size and profit status, were applicable for cluster- and in-
dividual-level methods, since these were cluster-level covariates. The
results from the analyses were reported in terms of the incidence rate
ratios (IRRs) along with 95% confidence intervals (CIs) and associated
p-values. All statistical tests were two-sided at the significance level of
0.05. The p-value less than 0.001 were reported as <0.001 The re-
porting of the results follows the CONSORT (Consolidated Standards
for Reporting Trials) guidelines for reporting cluster-randomized trials
[12].

Data were analyzed using Intention-to-treat (ITT) principles and
missing data analysis approach — where missing data were imputed
using multiple imputation technique assuming missing data follows a
missing at random (MAR) pattern. Overall, five datasets were gener-
ated, and pooled estimates were reported.

2.3. Standard Poisson/Negative binomial (NB) model

The standard Poisson and negative binomial model for count data
is given by

log(E(Yyi)) = ) = Po + PrXiq + PoSugi + PaSaiju + €ijua

Where, Yy, is the outcome, number of falls, of the i — th subject of the
j — th cluster in the k — th(k = 0,1) and [ — th(l = 0,1) stratum. X is
the intervention (0: Control; 1: KT Intervention). Sy (0:<250;
1> = 250) is the home size and Sy (0: Non-profit; 1: Profit) is the
profit status of the cluster.

Here, f; represents the treatment effect while f, and f3 represents
the two strata effect corresponding to home size (0:<250; 1: >250)
and profit status (0: Non-profit; 1: Profit), respectively.

We considered two distributional assumptions for number of falls:

() Number of falls follows a Poisson distribution i.e. Yi~Poi(uye),
with variance function V(Yy) = ¢v(uy) = wyg, where ¢ is
assumed to be 1 i.e. mean and variance are equal.

(b) Number of falls follows a Negative Binomial (NB) distribution i.

e. . Y;j~NB(s, Hiji)s with variance function

V (Yu) = ov () =@ (ﬂijkz +s;4fl.k1), where ¢ is assumed to be
1 and s is the overdispersion parameter indicating that the NB
distribution models overdispersion implicitly by its parameter s.
The NB distribution is preferred when there is overdispersion in

the data i.e. mean < variance.

The standard Poisson and negative binomial model were fitted us-
ing glm() and glm.nb() in R [13].

2.4. Mixed-effect model (Poisson/Negative binomial)
The mixed-effect model for count data is given by

log(E(Yyy) = myxd) = Po + Py + PoSujmt + PaSajia + Cie + €y

In this model, like the previous model, p; represents the treatment
effect while f, and f3 represents the two stratum effect corresponding
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to home size (0:<250; 1: >250) and profit status (0: Non-profit; 1:
Profit), respectively, which are fixed. Random cluster effect is repre-
sented by Cy, which follows a normal distribution with mean 0 and
variance ai. The intra-cluster correlation that measures the correla-

0.2

>, assumed
o'b+a£,

equal for all clusters. 5, is the log of the Rate Ratio (RR) of the inter-
vention Xj;; (0 = Control, 1 = KT Intervention). We used glmer() and
glmer.nb() in R to fit mixed-effect with Poisson and negative bino-

mial, respectively.

tion among the outcomes within cluster is given by

2.5. Generalized estimating equation (GEE) (Poisson/Negative binomial)

The GEE model for count data is given by

log(E(Yyi) = pid) = Po + PrXyq + PaSij + PaSayi

Like before, 8, represents the treatment effect while g, and S5 rep-
resents the two stratum effect corresponding to home size (0: <250; 1:
>250) and profit status (0: Non-profit; 1: Profit), respectively. Similar
to mixed-effect method we considered two distributional assumption
for count data: Poisson and negative binomial. For GEE method we
considered exchangeable working correlation structure. GEE with
Poisson was fitted using geeglm() in R while GEE with negative bino-
mial was fitted using PROC GENMOD in SAS [14]. GEE with negative
binomial was the primary method of analysis.

2.6. Zero inflated models (Poisson/Negative binomial)

For zero inflated models the distribution of Yy, is

with probability ¢

i with probability (1— @)

0;
ikl _{Poisson or NB (p) 5

The mixed-effect zero inflated Poisson or negative binomial model
is given by:

logit(pg) = Po + PrXia + P2Siju + PaSas + Cy + ey
log(E(Yiu) = pid = o + P + PaSum + PaSajir + Cie + €y

The zero inflated Poisson and negative binomial models were fit-
ted using the R package GLMMadaptive.

3. Results

Overall 40 clusters were randomized into KT intervention (19 clus-
ters) and control (21 clusters) groups. The clusters were stratified by
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two variables cluster size and profit status. The average cluster size in
the KT group was 115 (minimum = 43, maximum = 294) while the
average cluster size in the control group was 157 (minimum = 49,
maximum = 375). At the end of the follow-up there were 2,209 par-
ticipants in the intervention group and 3,382 participants in the con-
trol group. The average age of the participants in both groups were 84
years while approximately 70% were female.

We used the methods discussed above to assess the effect of KT in-
tervention on number of falls with mixed-effect zero-inflated with
negative binomial distribution as the primary method of analysis. The
results of the ITT analyses with or without adjusted for stratification
are given in Fig. 1. The direction of the effect estimate incidence rate
ratios were similar for all the methods. The standard Poisson and neg-
ative binomial regression methods yielded statistically significant re-
sults as p-values lower than the nominal level of 0.05 while the other
methods yielded non-significant results (Fig. 1). The estimated IRRs
varies from 1.11 to 1.37 when adjusted for stratification and 1.03 to
1.49 when not adjusted for stratification. The effect estimates IRRs
were slightly higher for mixed-effect methods compared to other
methods. The magnitude of the widths of the 95% confidence inter-
vals were higher for mixed-effect Poisson and negative binomial
methods compared to other methods when adjusted or not adjusted
for stratification (Fig. 1). The Akaike's Information Criteria (AIC) were
slightly lower when the methods adjusted for stratification compared
to without such adjustment. Further, the AIC values were lower for
negative binomial models (8391.00 and 8333.24 for mixed-effect and
zero-inflated negative binomial models respectively) compared to GEE
models (10858.00 and 9093.10 for mixed-effect and zero-inflated
Poisson models respectively).

The results of the missing data analysis were given in Fig. 2. Un-
like ITT approach, standard Poisson and negative binomial did not
yield statistically significant results (Fig. 2). Similar to ITT approach,
direction of effect estimate for all the methods were similar. The esti-
mated IRRs varies from 1.35 to 2.12, when adjusted for stratification
and 1.41 to 1.96 when not adjusted for stratification. The magnitudes
of the widths of the 95% confidence intervals were higher for all
methods compared to ITT approach. Similar to ITT 95% confidence
intervals were wider for mixed-methods, when not accounted for zero
inflation, compared to other methods (Fig. 2).

For all methods, the estimated IRRs were very similar with or
without adjusting for stratification for both ITT and missing data
analysis approaches (Figs. 1-2). Further, it is noticeable, that the esti-
mated IRRs were slightly higher, for all methods, in missing data
analysis approach compared to ITT approach (Figs. 1-2). Also, for ITT
approach, the 95% confidence intervals were slightly narrower when

Adjusted for
Method stratification IRR [95%CI] p-value
Standard Poisson { 1.19[1.09, 1.29 <0.001
Standard Negative Binomial i 1.21(1.03,1.41 0.021
GEE Poisson —-—— 1.10[0.79, 1.53 0.573
GEE Negative Binomial —— 1.10[0.78, 1.56 0.583
Mixed-effect Poisson - 1.37[0.50, 3.81 0.526
Mixed-effect Negative Binomial o 1.37[0.51, 3.52 0.521
Zero Inflated Poisson . m—— 1.25]0.67,2.34 0.479
Zero Inflated Negative Binomial il 1.11[0.94, 1.32 0.225
T T T T 1
1 2 3 4
Not adjusted for
stratification
Standard Poisson - 1.17[1.08, 1.27 <0.001
Standard Negative Binomial - 1.17[1.01, 1.37 0.044
Poisson —.— 1.11]0.79, 1.54 0.539
GEE Negative Binomial — 1.11[0.80, 1.54 0.546
Mixed-effect Poisson - 1.48[0.50, 4.52 0.459
Mixed-effect Negative Binomial = 1.4910.49, 4.11 0.459
Zero Inflated Poisson —— 1.21[0.63, 2.32 0.559
Zero Inflated Negative Binomial ——— 1.03[0.79, 1.35 0.801
T i T T T 1
0 1 2 3 4 5

Fig. 1. Results of ITT analysis using different methods with/without adjusted for stratification.
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Adjusted for
Method stratification IRR [95%CI] p-value

Standard Poisson ——— 1.55[0.99, 2.44; 0.126
Standard Negative binomial . 1.62[0.98, 2.71 0.127
GEE Poisson —_—— 1.53 [0.81, 2.89 0.168
GEE Negative binomial - 1.57[0.71, 3.44 0.253
Mixed-effect Poisson = 2.11]0.89, 5.01 0.092
Mixed-effect Negative binomial = 2.12[0.97, 4.67 0.064
Zero Inflated Poisson D 1.59 [0.84, 3.05! 0.151
Zero Inflated Negative Binomial —— 1.35[0.78, 2.34 0.254

T T T T 1

0 1 2 3 4 5 6

Not adjusted for
stratification

Standard Poisson - 1.4510.90, 2.34 0.204
Standard Negative binomial —_— 1.45[0.89, 2.37 0.205
GEE Poisson —_—-——— 1.50[0.78, 2.90] 0.195
GEE Negative binomial —_—— 1.511]0.78, 2.92 0.203
Mixed-effect Poisson - 1.96 [0.79, 4.83] 0.146
Mixed-effect Negative binomial = 1.96 (0.79, 4.87 0.148
Zero Inflated Poisson —_——— 1.5110.80, 2.86 0.198
Zero Inflated Negative Binomial ——— 1.41[0.68, 2.92] 0.332

T T T 1

0 1 2 3 4 5

Fig. 2. Results of missing data analysis using different methods with/without adjusted for stratification.

adjusted for stratification (Fig. 1). The difference among the methods
in terms of p-values were smaller for missing data analysis approach
compared to ITT approach (Figs. 1 and 2).

4. Discussion

In this study, we empirically investigate the methods for analyzing
overdispersed zero inflated count outcome from stratified cluster ran-
domized trial using data from the ViDOS study — which was designed
to investigate the effect of a KT intervention. We compared eight
methods to assess the effect of KT intervention on number of falls. The
direction of effect of estimate incidence rate ratios (IRRs) were similar
for all methods for both adjusted and not adjusted for stratification.
The conclusions from both ITT and missing data analyses indicated
that, KT intervention had no effect on number of falls.

For ITT analyses, both standard Poisson and negative binomial
methods yielded statistically significant results that the RRs of number
of falls were slightly higher in the intervention group compared to
control group. However, these two methods were not appropriate for
analyzing count data from CRT as these methods do not take into ac-
count the degree of similarity among the outcomes from the same
cluster.

In this study, we considered mixed-effect with zero-inflated nega-
tive binomial as the primary method of analysis to assess the effect of
KT intervention on over dispersed number of falls. We performed sen-
sitivity analyses to examine the robustness of the findings of the pri-
mary method. The overall conclusion from all the methods were simi-
lar. These findings match with the findings of the Borhan et al. [11]
when they investigated the sensitivity of several methods for analyz-
ing continuous outcome from the stratified CRT.

Overall, for all methods, the estimated IRRs and the corresponding
widths of the 95% confidence intervals were slightly lower for ITT
analyses compared to missing data analyses. GEE and mixed-effect
with Poisson and negative binomial distributions, respectively,
yielded approximately similar IRRs. The estimated IRRs and widths of
the 95% confidence intervals were lower for zero inflated models
compared to mixed-effect methods with Poisson and negative bino-
mial distribution. The widths of the 95% confidence intervals were
lower for GEE methods compared to mixed-effect methods for both
ITT and missing data analyses. This is consistent with the findings of
Pacheco et al. [9]. The authors reported that, GEE yielded the highest
power and narrow CIs when the authors investigated the performance
of methods for analyzing overdispersed count data from CRT. How-
ever, GEE underestimate the covariance among observations yielding
downward biased standard errors when the number of clusters is
small [15]. Also, we need to be cautious that, GEE method yields ele-
vated type I error rates in small sample situations (<40 clusters) [9].
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We also compared the methods with or without adjusting for strat-
ification. Zero inflated negative binomial yielded the lowest IRRs and
narrowest 95% confidence intervals when adjusted for stratification
among the valid methods. For ITT approach, the estimated IRRs and
the widths of the 95% confidence intervals were almost similar or
lower for both GEE methods. Similarly, for mixed-effect methods the
estimated RRs and the magnitude of the widths of the 95% confidence
intervals were slightly lower when we adjusted for stratification.
These findings matched with the findings of Borhan et al. [11], Ma et
al. [16] and Kahan et al. [17], where the authors compared several
methods for analyzing continuous and binary data from stratified CRT
and continuous data from stratified randomized controlled trial on in-
dividual, respectively. Similarly, for missing data approach, GEE
yielded the similar results with or without adjusted for stratification.
For all methods, the p-values were lower when adjusted for stratifica-
tion compared to same method when not adjusted for stratification
and matched with the findings of Kahan et al. [17].

The major strength of this study that, we empirically examined
eight methods, including both cluster-specific and population-average
methods, for analyzing count outcome from a stratified CRT - ViDOS
study, under different scenarios including accounting for clustering
and adjusting for stratification. We also compared the methods
through ITT approach and imputing the missing data. In addition, we
used appropriate method such as negative binomial to account for
overdispersion and zero inflated models to account for excess zeros.
Thus, this study will guide researchers about the sensitivity of these
methods since there is no study, to the best of our knowledge, investi-
gate the performance of these methods for analyzing count data from
stratified CRT.

The major limitation of this study, that ViDOS study was a pilot
trial designed to investigate the feasibility of the KT intervention.
However, ViDOS was stratified by two cluster-level covariates cluster
size and profit status, which is very rare in real life. It is possible that,
we might have missed some falls data as it is difficult to measure the
number of falls and varies between LTCs.

Data from 7 clusters were missing in the intervention group as 6
clusters declined to actively participate after randomization and 1
cluster withdrew after baseline measurement. Further study on miss-
ing data imputation techniques when the whole cluster is missing
would be an important addition. Furthermore, a well-designed simula-
tion study is warranted to examine the performance of these methods
under different scenarios. It requires large number of clusters (>30)
to get valid estimate using GEE and mixed-effect methods [18-21].
Researchers have suggested some corrections to address the require-
ment of large number of clusters [22-26] which can be extended to
stratified CRT, especially when the outcome is count.
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5. Conclusion

In this study, we empirically compared the eight methods for ana-
lyzing count outcome using the data from ViDOS study - a pilot strati-
fied cluster randomized trial. The overall conclusion from all the
methods were similar that the KT intervention had no effect on num-
ber of falls. The zero inflated negative binomial model yielded the
lowest IRR and narrowest 95% confidence interval, when adjusted for
stratification, compared to GEE and mixed-effect methods. A well-
designed simulation study is warranted to assess the performance of
these methods.
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Abstract

Background

Adoption of cluster randomized trials (CRTs) with stratified design is increasing.
While we know that the number of clusters have substantial impact on the performance of
statistical analysis methods, but we have limited knowledge about the performance of
methods for analyzing data from stratified CRTSs. In this simulation study, we evaluated
the performance of several commonly used methods for analyzing continuous data from

stratified CRTs with a single stratification variable.

Methods

We compared 4 methods: mixed-effect, generalized estimating equation (GEE),
cluster-level (CL) linear regression and meta-regression to analyze the continuous data
from stratified CRTs using a simulation study with varying number of clusters, cluster
sizes, and intra-cluster correlation coefficients (ICCs). We considered a stratified CRT with
one stratification variable with two strata. Total number of clusters were equally divided
into two strata. The performance of the methods was evaluated in terms of type | error rate,
statistical empirical power, root mean squared error (RMSE), and width of the 95%

confidence interval (CI).

Results
GEE and meta-regression methods yielded more than or approximately 10% type |

error rates for study with small number of clusters. GEE had higher or similar power
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compared to other methods. All methods had similar accuracy, measured through root
mean square error, except meta-regression. Similarly, all methods but meta-regression had
similar widths of the 95% CI. Performance of all methods worsened as the ICC increased

to 0.06 from 0.03.

Conclusions
The performance of all methods improved as the number of clusters increased along
with cluster sizes. Meta-regression was the least powerful and least efficient compared to

other methods.

Key words: Cluster randomized trials, Stratified, Simulation, Continuous
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Background

Cluster randomization trials (CRTSs) involve randomization of intact clusters, rather
than individual participants, into intervention groups [1]. The type of clusters can be
distinct including: geographical region [2], health care area [3], and schools [4]. Over the
years, the number of adopting CRTs is increasing [5] as well as the number of CRTs with
stratified design, which is suitable when the number of clusters is small [6]. In stratified
designs, clusters are randomly allocated to the intervention and control groups within each
stratum. For example, Mallick et al [4] conducted a school-based stratified CRT, where
schools were first divided into quintile (1-3: lower and 4-5: higher) based on socio-
economic resources and then stratified into low versus high quintile. Schools within each
stratum were then randomly allocated to intervention and control groups [4].

Randomization of intact clusters may lead to the situation where outcomes from the
same cluster may be similar. This similarity inflated the variance of the estimated
intervention effect and failure to account this similarity may vyield false significant
intervention effect [1, 7]. This similarity or clustering is measured by intra-cluster
correlation coefficient (ICC) and statistical methods should adjust for this clustering [1].
For stratified design, these methods need to further adjust for stratification [1]. Both
individual-level (based on individual-level data) and cluster-level (based on cluster level
summary) methods can be used to examine the effect of intervention from the stratified
CRTs. The individual-level methods include: mixed-effect model [8] or generalized
estimating equation (GEE) [9], while cluster-level methods include: cluster-level linear

regression or meta-analytic approach [10] — which can be used to assess the treatment
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effects over strata [11-13]. Chu et al [14] compared the performance of several methods
including meta-regression to analyze continuous data from multicentre randomized
controlled trials.

While it is important to adjust for stratification only 26% of the randomized
controlled trials adjusted the primary analysis for the balancing factors [15]. In addition,
from a recent systematic survey conducted by our team — where we added the term ‘strati*’
with the search terms suggested by Taljaard et al [16] to identify the stratified CRTs from
the database MEDLINE, since the inception to July 2019, we found that, only 38% of the
185 selected studies adjusted the primary method for both clustering and stratification to
assess the intervention effect from stratified CRTs [17]. Failure to adjust for stratification
leads to wider confidence intervals and larger p-values [15,17-19]. Borhan et al [18, 19]
empirically compared several methods for analyzing continuous and count data from
stratified CRTs using data from the Mallick et al [4] and ViDOS study [20], respectively.
Moreover, researchers have investigated the performance of methods from completely
randomized CRTs [21-26]. Klar and Darlington [22] investigated the performance of
several mixed-effect methods to analyze pretest-posttest continuous data from completely
randomized CRTs incorporating the individual-and cluster-level associations. On the other
hand, Borhan et al [21] and Austin P [23] investigated the performance of methods for
analyzing binary data. Based on our systematic survey [17], it is evident that, we have
limited evidence about the performance of the methods to assess the intervention effect

from stratified CRTSs, especially when the outcome of interest was continuous.
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In this study, we conducted a simulation study to examine the performance of methods for
assessing the intervention effect from stratified CRTs. We evaluated several methods, in
terms of type | error rate, empirical power, root mean square error rate, and width of 95%

confidence intervals, for analyzing continuous data from stratified CRTS.

Methods

This was a simulation study, where we evaluated the performance of several
methods for assessing the intervention effect, when the outcome of interest was continuous

from stratified CRTSs.

Statistical methods

Both individual-level and cluster-level methods were used to assess the intervention

effect. These methods were adjusted for stratification.

Individual-level methods
Mixed-effects regression model (mixed-effect)

The mixed-effects regression model is given by

Yiiks = Bo + B1Xijks + B2Sijks + Ciji + €ijks

65



PhD Thesis — S. Borhan; McMaster University
Health Research Methodology, Biostatistics Specialization

Where Yy, is the outcome of the i-th subject in the j-th cluster, k-th intervention
group and s-th stratum. X;j.s represents the intervention assignment (X;;,s=1 for the
treatment group; X;;xs=0 for the control), S;j,s represents the dichotomous stratification
variable with value 0 and 1, and ey is the random error assumed to follow a normal

distribution with mean 0 and variance 2.

In this model, B; and B, represents the treatment and stratum effect, respectively,

which are fixed. The random cluster effect is given by C;j, which follows a normal

distribution with mean 0 and variance o/2. The ICC represents the correlation between two

o
—L— was
o +0;

randomly chosen subjects in the same cluster. A single common ICC given by

assumed for all clusters. The R package Ime4() was used to fit this model with restricted

maximum likelihood (REML) method [26, 27].

Generalized estimating equation (GEE)
The generalized estimating equation (GEE) model is given by
EWijks) = Bo + B1Xijks + B2Sijks

Like mixed-effect model, 5, and [, represents the treatment and stratum effect,
respectively. The working correlation structure in the GEE model take into account the
correlation among the outcomes from the same cluster and the sandwich covariance

estimator yields a robust estimate of the treatment effect even if the correlation structure is
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mis-specified [28]. In the GEE analysis, we assumed the correlation structure followed an

exchangeable pattern. R package geepack() was used to fit the GEE model.

Cluster-level methods

Cluster-level linear regression (CL Linear Regression)

Cluster-level method is based on cluster-level summary measure, such as mean [1].
We first calculated the mean for each cluster, then a linear regression was fitted, adjusted

for stratification, using these mean values.

Meta-regression

The meta-regression approach is based on cluster-level summary measure [10]. We
extended this method for stratified design and used the mean difference, in outcomes,
between the intervention and control arms within each stratum. Random-effect model was

used to estimate the treatment effect and was conducted using the R package metacont().

Simulation study

We conducted a simulation study, to assess the performance of the statistical
methods to analyze the continuous outcome from the stratified cluster randomized trials,

using the approach adopted by Arnold et al [29] and Moerbeek & Schie [30]. We
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considered a stratified design with one stratification variable with two strata. The outcome,
Y, was simulated, separately for each stratum, using the following mixed-effects linear
regression model: Y, = By + B1Xijk + Cij + eyji; Where, Y is the outcome of the i-th
subject in the j-th cluster, in the k-th intervention group; X, (= 0,1) represent the dummy
variable for treatment allocation (i = 1, ...,n;;j = 1, ..., ]); C;; is the cluster-level random
effect while e, is the individual-level random error term. Both C;; and e; ;. follow normal

distributions with mean 0 and standard deviations o, and o, respectively. Random effects

oé
2

and error term related to the ICC as ICC(= ) is the ratio of between cluster variance

02+02
to the total variance [1]. Without loss of generality, the total variability was fixed at g2 =
02 +0d2 =1 and B, = 0. The other parameters for this simulation study such as, the
number of clusters, cluster sizes, intervention effect size, and ICC, were selected, given in
Table 1, based on the studies that had continuous outcome as the primary outcome from
our recently conducted systematic survey [17]. For each of these designs, 1000 simulations
were run for each combination of §; = 0,0.11; number of clusters =6, 24, 34, 68; number
of individuals per cluster=5,10,15,20,25,30,35,40,45,50 and 1CC=0.03, 0.06. This

simulation study was conducted using R [31].

Comparison of methods

We applied the methods, discussed in the statistical methods section, to assess the
effect of intervention for each simulated data set. The following quantities were used to

evaluate the performance of these methods: (1) empirical type | error rate measured as the
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proportion of time the test statistic reject the null hypothesis of treatment effect Hy: §; =
0, when the true treatment effect was £; = 0; (2) empirical power was measured as the
proportion of the time the test statistic reject the null hypothesis of treatment effect

Hy: f; = 0, when the true treatment effect was S; = 0.11; (3) root mean squared error

(RMSE) measured as the /E[(B: - ﬁl)z], where B; and B, are the estimated and true value

of treatment effect; (4) average width of the 95% confidence intervals was measured as the
average of the difference between the upper limit and lower limit across all 1000

replications.

Results
Type | error rate

The results of type | error rate for all the methods and study types are given in
Figure 1 for both ICC=0.03 and 0.06. The type I error rates were more than 10% and around
10% for the GEE and meta-regression methods, when the number of clusters was 6. This
rate was around 7% for the GEE when the number of clusters was 24. On the other hand,
mixed-effect and CL linear regression yielded approximately 5%, nominal level, type I
error rates. All the methods followed the similar pattern as ICC=0.03 when the ICC was

0.06 (Figure 1).

Overall, GEE and meta-regression yielded liberal type I error rates for study with

small number of clusters. Both of these methods yielded approximately 5% type | error
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rates as the number of clusters increased. Mixed-effect and CL linear regression yielded

5% type | error rates almost in all cases.

Empirical power

The results of empirical power for all methods are provided in Figure 2 for both
ICC=0.03 and 0.06. GEE and meta-regression had more power compared to mixed-effect
and CL linear regression methods when the number of clusters was 6. CL linear regression
and mixed-effect had power around 10%. For the number of clusters 24, mixed-effect, CL
linear regression and meta-regression had almost similar power, while GEE had slightly
more power compared to these methods. Meta-regression had the lowest power compared
to other methods for the number of clusters 34 and 68. GEE, mixed-effect and CL linear

regression had almost similar power when the number of clusters was 68.

The power for all methods followed almost the similar pattern as ICC=0.03 for the
ICC=0.06. However, the power for all methods were slightly lower when the ICC was 0.06

compared to ICC=0.03. No method yielded 80% power when the ICC was 0,06 (Figure 2).

Overall, the power for all methods increased as the number of clusters and cluster
size increased. GEE had the highest power compared to other methods for small number
of clusters (6, 24). As the number of clusters increased CL linear regression and mixed-

effect had similar power as GEE, while meta-regression yielded the lowest power.
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Root Mean Squared Error (RMSE)

Overall, the average RMSEs were decreased as the number of clusters and cluster
sizes increased. All methods had almost similar RMSEs, except meta-regression, for each
combination of cluster size and number of clusters (Figure 3). Meta-regression had slightly

higher average RMSEs for study with small number of clusters.

The average RMSEs follows the similar pattern of ICC=0.03 for the ICC=0.06 for
all methods. However, RMSEs were slightly higher for each combination of cluster size

and number of clusters for all methods (Figure 3).

Width of 95% confidence intervals

The results of the average widths of the 95% confidence intervals for ICC=0.03 and
0.06 for all methods are given in Figure 4. For the number of clusters 6, GEE had the
narrowest widths compared to other methods, while CL linear regression had the widest
widths. Meta-regression had the widest widths compared to other methods for the number
of clusters 24, 34 and 68. CL linear regression and mixed-effect methods had almost similar
widths for the number of clusters 24, while GEE had slightly narrower widths compared to

these methods.

Overall, average widths of the 95% confidence intervals decreased as the number
of clusters and cluster sizes increased. CL linear regression had the widest widths for small

number of clusters. However, as the number of clusters increased meta-regression had the
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widest widths compared to other methods. The average widths for all methods follow the
same pattern as of ICC=0.03 for ICC=0.06. However, the widths were slightly higher for

each combination of cluster size and number of clusters for all study types (Figure 4).

Discussion

In this simulation study, we investigated the performance of several methods to
assess the intervention effect from stratified CRTs with a single stratification variable. We
have compared 4 different methods: GEE, mixed-effect, CL linear regression and meta-
regression methods. It is evident that, the number of clusters and cluster sizes, and ICC had
impacted the performance of these methods evaluated through type | error rate, power, root
mean square error, and width of 95% confidence interval.

GEE and meta-regression methods yielded liberal type I error rates for the small
number of clusters. On the other hand, CL linear regression and mixed-effect methods
yielded satisfactory, approximately 5%, type | error rates. Borhan et al [21] investigated
the performance of methods for analyzing pretest-posttest binary data from completely
randomized CRTs and found that the GEE method yielded liberal type | error rates for
small number of clusters. Similarly, Klar and Darlington [22] reported that mixed-effect
methods yielded satisfactory 5% type | error rate when analyzed continuous data from
completely randomized CRTSs. These findings were in line with our findings.

GEE method yielded higher empirical power compared to other methods for small

number of clusters, which matched with the findings of Austin 2007 [23] as the author
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found GEE method yielded more power compared to other methods when the author
investigated the methods for analyzing binary data from CRTs. Researchers noticed that,
sandwich covariance method underestimate the standard error in the case of small number
of clusters, which inflated the type | error rate and empirical power [24, 32]. Further, the
researchers have suggested, it required at least 40 clusters to get reliable estimate using
GEE [7]. Overall, meta-regression yielded the lowest power compared to other methods,
for number of clusters more than 6, which matched with the findings of Chu et al [14].
Power of all methods decreased as the ICC increased. Chu et al [14] demonstrated that,
empirical power for all methods decreased as the ICC increased.

GEE and meta-regression had almost similar performance in terms of type | error
rates and power for small number of clusters. Further study to evaluate the performance of
GEE with small sample adjustment [25] is warranted. In addition, it requires further
methodological investigation, especially small sample adjustment, to improve the
performance of meta-regression in the context of stratified cluster randomization trials.

The average RMSEs for all methods were similar except meta-regression and
RMSEs were getting lower as the number of clusters and cluster sizes increases for all the
methods. Meta-regression yielded slightly higher RMSEs compared to other methods for
the small number clusters, which was in line with the findings of Chu et al [14]. Meta-
regression method yielded the widest 95% confidence intervals compared to other methods
for number of clusters more than 6.

There were several limitations of this study: first, we considered only 1

stratification variable with 2 strata; secondly, we considered only 1:1 allocation of clusters
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into interventions groups and fixed cluster size in each stratum; thirdly, this study was
limited to two-arm parallel group trial; finally, we adjusted for stratification by using the
stratification variables as covariate(s). From our recent systematic survey, we found that
most of the stratified cluster randomized trials were two-arm parallel-group trials and
adjusted method by using stratification variables as covariate(s) [17].

Researchers have emphasized that, it is important to adjust for stratification, in
addition to clustering, to correctly assess the intervention effect from stratified CRTs
[15,18,19]. This study shed light on performance of methods — adjusted for stratification
and clustering, for analyzing continuous data from stratified CRTs. Future studies are
warranted to examine the performance of these methods with varying number of clusters

and cluster sizes across strata.

Conclusions

In this simulation study, we investigated the performance of four methods, adjusted
for stratification and clustering, for analyzing continuous data from stratified cluster
randomized trials with one stratification variable. The performance of all methods
improved as the number of clusters and cluster sizes increased, while the performance of
all methods worsened as the ICC increased. GEE had more than 10% and meta-regression
had approximately 10%, type I error rates for small number of clusters. Meta-regression

was the least powerful and least efficient compared to other methods.
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Table 1: Selected parameters for simulation study
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Variable

Summary from studies that
had continuous outcome as
their primary outcome?®

Selected for simulation
study

Number of clusters in the
intervention groups

Mean= 50; Median= 34;
Q1=24; Q3=68; Min=6;
Max=228

Total number of clusters: 6,
24, 34, 68

Number of individuals per
cluster

5, 10, 15, 20, 25, 30, 35, 40,
45, 50

Q1=0.00; Q3=0.06; Min=0.00;
Max=0.58

Number of stratification Mean= 2; Median=1; Q1=1; 1
variables Q3=2; Min=1; Max=3
Effect size Mean= 0.36; Median=0.11; 0,0.11
Q1=-0.12; Q3=1.02; Min=-
9.12; Max=7.17
ICC Mean= 0.09; Median= 0.03; 0.03, 0.06

aSummary of these variables were calculated form our recently conducted systematic survey [17]

Q1 = 25th percentile; Q3 = 75th percentile; ICC = intra-cluster correlation coefficient
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Figure 1: Results of type | error rate for testing null treatment effect, when the true treatment
effect was 0, over 1000 simulations for ICC=0.03 & 0.06 and number of clusters 6, 24, 34 and

68
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Appendix A: Supplemental material
Table Al: Type I error rate for ICC=0.03

Number | Number of CL Linear | GEE Meta Mixed-effect

of clusters | individuals Regression Regression
per cluster

6 5 0.056 0.135 0.091 0.054
10 0.050 0.130 0.101 0.054
15 0.048 0.119 0.104 0.049
20 0.054 0.136 0.101 0.053
25 0.056 0.127 0.102 0.047
30 0.055 0.130 0.103 0.044
35 0.066 0.143 0.111 0.049
40 0.043 0.131 0.099 0.050
45 0.048 0.128 0.102 0.060
50 0.058 0.129 0.106 0.061

24 5 0.053 0.068 0.049 0.052
10 0.056 0.073 0.054 0.054
15 0.061 0.080 0.067 0.058
20 0.050 0.062 0.045 0.051
25 0.052 0.062 0.047 0.055
30 0.052 0.060 0.044 0.051
35 0.051 0.067 0.052 0.053
40 0.048 0.065 0.043 0.051
45 0.064 0.085 0.061 0.060
50 0.047 0.072 0.047 0.051

34 5 0.055 0.061 0.046 0.052
10 0.041 0.050 0.034 0.040
15 0.052 0.062 0.047 0.053
20 0.043 0.051 0.037 0.048
25 0.051 0.063 0.046 0.050
30 0.050 0.061 0.045 0.046
35 0.057 0.073 0.055 0.058
40 0.053 0.062 0.048 0.048
45 0.039 0.053 0.034 0.040
50 0.046 0.052 0.040 0.048

68 5 0.057 0.061 0.049 0.054
10 0.040 0.043 0.035 0.040
15 0.040 0.046 0.028 0.044
20 0.041 0.046 0.036 0.041
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25 0.035 0.042 0.030 0.037
30 0.051 0.053 0.042 0.053
35 0.052 0.059 0.038 0.055
40 0.051 0.055 0.043 0.054
45 0.035 0.040 0.036 0.039
50 0.045 0.047 0.036 0.043
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Table A2: Type I error rates for ICC=0.06

Number | Number of CL Linear | GEE Meta Mixed-effect

of clusters | individuals Regression Regression
per cluster

6 5 0.056 0.135 0.091 0.054
10 0.050 0.130 0.101 0.054
15 0.048 0.119 0.104 0.049
20 0.054 0.136 0.101 0.053
25 0.056 0.127 0.102 0.047
30 0.055 0.130 0.103 0.044
35 0.066 0.143 0.111 0.049
40 0.043 0.131 0.099 0.050
45 0.048 0.128 0.102 0.060
50 0.058 0.129 0.106 0.061

24 5 0.053 0.068 0.049 0.052
10 0.056 0.073 0.054 0.054
15 0.061 0.080 0.067 0.058
20 0.050 0.062 0.045 0.051
25 0.052 0.062 0.047 0.055
30 0.052 0.060 0.044 0.051
35 0.051 0.067 0.052 0.053
40 0.048 0.065 0.043 0.051
45 0.064 0.085 0.061 0.060
50 0.047 0.072 0.047 0.051

34 5 0.055 0.061 0.046 0.052
10 0.041 0.050 0.034 0.040
15 0.052 0.062 0.047 0.053
20 0.043 0.051 0.037 0.048
25 0.051 0.063 0.046 0.050
30 0.050 0.061 0.045 0.046
35 0.057 0.073 0.055 0.058
40 0.053 0.062 0.048 0.048
45 0.039 0.053 0.034 0.040
50 0.046 0.052 0.040 0.048

68 5 0.057 0.061 0.049 0.054
10 0.040 0.043 0.035 0.040
15 0.040 0.046 0.028 0.044
20 0.041 0.046 0.036 0.041
25 0.035 0.042 0.030 0.037
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30 0.051 0.053 0.042 0.053
35 0.052 0.059 0.038 0.055
40 0.051 0.055 0.043 0.054
45 0.035 0.040 0.036 0.039
50 0.045 0.047 0.036 0.043
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Table A3: Empirical power for ICC=0.03

Number | Number of CL Linear | GEE Meta Mixed-effect

of clusters | individuals Regression Regression
per cluster

6 5 0.074 0.151 0.117 0.055
10 0.086 0.164 0.139 0.071
15 0.077 0.171 0.142 0.074
20 0.098 0.215 0.163 0.091
25 0.100 0.223 0.154 0.096
30 0.116 0.206 0.160 0.096
35 0.112 0.227 0.171 0.105
40 0.117 0.240 0.184 0.115
45 0.110 0.239 0.172 0.099
50 0.125 0.255 0.180 0.114

24 5 0.125 0.144 0.109 0.103
10 0.154 0.189 0.155 0.146
15 0.233 0.265 0.212 0.228
20 0.280 0.318 0.245 0.265
25 0.312 0.350 0.275 0.299
30 0.300 0.331 0.263 0.275
35 0.330 0.368 0.296 0.332
40 0.335 0.386 0.314 0.340
45 0.384 0.409 0.321 0.362
50 0.390 0.435 0.364 0.385

34 5 0.151 0.171 0.131 0.140
10 0.240 0.267 0.211 0.235
15 0.302 0.334 0.264 0.275
20 0.354 0.396 0.308 0.336
25 0.413 0.454 0.355 0.404
30 0.413 0.443 0.366 0.410
35 0.486 0.522 0.424 0.476
40 0.488 0.519 0.429 0.466
45 0.505 0.533 0.443 0.488
50 0.523 0.558 0.438 0.516

68 5 0.292 0.306 0.242 0.272
10 0.438 0.458 0.370 0.427
15 0.565 0.581 0.481 0.569
20 0.646 0.664 0.544 0.642
25 0.691 0.708 0.603 0.689
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30 0.724 0.737 0.637 0.720
35 0.765 0.774 0.689 0.758
40 0.796 0.807 0.685 0.781
45 0.822 0.829 0.713 0.817
50 0.816 0.825 0.712 0.805
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Table A4: Empirical power for ICC=0.06

Number | Number of

of individuals CL Linear Meta

clusters | per cluster Regression | GEE Regression | Mixed-effect

6 5 0.082 0.158 [0.114 0.063
10 0.080 0.168 |0.134 0.078
15 0.077 0.152 0.140 0.070
20 0.077 0.188 | 0.145 0.074
25 0.087 0.201 | 0.137 0.091
30 0.088 0.189 |0.137 0.082
35 0.102 0.193 ]0.149 0.085
40 0.100 0.205 ]0.173 0.079
45 0.095 0.195 ]0.145 0.084
50 0.097 0.213 |0.141 0.090

24 5 0.122 0.144 | 0.106 0.103
10 0.131 0.157 0.129 0.132
15 0.188 0.215 |0.167 0.189
20 0.228 0.254 ]0.195 0.209
25 0.232 0.261 ]0.213 0.227
30 0.224 0.256 | 0.189 0.216
35 0.243 0.274 ]0.206 0.243
40 0.241 0.273 ]0.223 0.233
45 0.267 0.301 | 0.236 0.241
50 0.262 0.301 | 0.247 0.267

34 5 0.139 0.168 |0.122 0.135
10 0.222 0.245 ]0.183 0.227
15 0.237 0.268 | 0.208 0.229
20 0.265 0.299 10.240 0.260
25 0.319 0.345 | 0.269 0.301
30 0.312 0.332 0.261 0.300
35 0.350 0.382 0.299 0.345
40 0.352 0.384 |0.312 0.334
45 0.339 0.372 0.308 0.340
50 0.366 0.401 | 0.309 0.352

68 5 0.272 0.283 ]0.219 0.256
10 0.385 0.400 |0.317 0.378
15 0.464 0.481 | 0.400 0.470
20 0.515 0.534 |0.425 0.514
25 0.545 0.554 ]0.458 0.541
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30 0.564 0.582 0.482 0.548
35 0.566 0.582 0.497 0.567
40 0.596 0.616 0.506 0.598
45 0.622 0.647 0.537 0.615
50 0.634 0.650 0.544 0.625
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Table A5: RMSEs for 1ICC=0.03

Number | Number of CL Linear | GEE Meta Mixed-
of individuals | Regression Regression | effect
clusters | per cluster
6 5 0.28 0.28 0.28 0.28
10 0.21 0.21 0.22 0.21
15 0.18 0.18 0.18 0.18
20 0.17 0.17 0.18 0.17
25 0.15 0.15 0.15 0.15
30 0.15 0.15 0.15 0.15
35 0.14 0.14 0.14 0.14
40 0.14 0.14 0.14 0.14
45 0.13 0.13 0.13 0.13
50 0.13 0.13 0.14 0.13
24 5 0.14 0.14 0.14 0.14
10 0.10 0.10 0.10 0.10
15 0.09 0.09 0.09 0.09
20 0.08 0.08 0.08 0.08
25 0.08 0.08 0.08 0.08
30 0.07 0.07 0.07 0.07
35 0.07 0.07 0.07 0.07
40 0.07 0.07 0.07 0.07
45 0.07 0.07 0.07 0.07
50 0.06 0.06 0.07 0.06
34 5 0.12 0.12 0.12 0.12
10 0.08 0.08 0.08 0.08
15 0.08 0.08 0.08 0.08
20 0.07 0.07 0.07 0.07
25 0.06 0.06 0.06 0.06
30 0.06 0.06 0.06 0.06
35 0.06 0.06 0.06 0.06
40 0.06 0.06 0.06 0.06
45 0.05 0.05 0.05 0.05
50 0.05 0.05 0.05 0.05
68 5 0.08 0.08 0.08 0.08
10 0.06 0.06 0.06 0.06
15 0.05 0.05 0.05 0.05
20 0.05 0.05 0.05 0.05
25 0.04 0.04 0.04 0.04
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30 0.04 0.04 0.04 0.04
35 0.04 0.04 0.04 0.04
40 0.04 0.04 0.04 0.04
45 0.04 0.04 0.04 0.04
50 0.04 0.04 0.04 0.04
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Table A6: RMSEs for 1ICC=0.06

Number | Number of CL Linear | GEE Meta Mixed-
of individuals Regression Regression | effect
clusters | per cluster
6 5 0.29 0.29 0.30 0.29
10 0.23 0.23 0.24 0.23
15 0.20 0.20 0.21 0.20
20 0.20 0.20 0.21 0.20
25 0.18 0.18 0.18 0.18
30 0.18 0.18 0.19 0.18
35 0.17 0.17 0.18 0.17
40 0.17 0.17 0.17 0.17
45 0.16 0.16 0.17 0.16
50 0.17 0.17 0.17 0.17
24 5 0.15 0.15 0.15 0.15
10 0.11 0.11 0.11 0.11
15 0.10 0.10 0.11 0.10
20 0.09 0.09 0.09 0.09
25 0.09 0.09 0.09 0.09
30 0.09 0.09 0.09 0.09
35 0.09 0.09 0.09 0.09
40 0.08 0.08 0.08 0.08
45 0.08 0.08 0.08 0.08
50 0.08 0.08 0.08 0.08
34 5 0.12 0.12 0.12 0.12
10 0.09 0.09 0.09 0.09
15 0.09 0.09 0.09 0.09
20 0.08 0.08 0.08 0.08
25 0.08 0.08 0.08 0.08
30 0.08 0.08 0.08 0.08
35 0.07 0.07 0.07 0.07
40 0.07 0.07 0.07 0.07
45 0.07 0.07 0.07 0.07
50 0.07 0.07 0.07 0.07
68 5 0.09 0.09 0.09 0.09
10 0.06 0.06 0.06 0.06
15 0.06 0.06 0.06 0.06
20 0.05 0.05 0.05 0.05
25 0.05 0.05 0.05 0.05

96



PhD Thesis — S. Borhan; McMaster University
Health Research Methodology, Biostatistics Specialization

30 0.05 0.05 0.05 0.05
35 0.05 0.05 0.05 0.05
40 0.05 0.05 0.05 0.05
45 0.05 0.05 0.05 0.05
50 0.05 0.05 0.05 0.05
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Table A7: Width of 95% confidence intervals for ICC=0.03

Number | Number of CL Linear | GEE Meta Mixed-
of individuals Regression Regression effect
clusters | per cluster
6 5 1.21 0.91 1.16 1.11
10 0.90 0.68 0.85 0.82
15 0.79 0.59 0.74 0.70
20 0.72 0.54 0.68 0.63
25 0.66 0.50 0.65 0.57
30 0.63 0.48 0.59 0.54
35 0.61 0.46 0.58 0.52
40 0.58 0.44 0.55 0.49
45 0.57 0.43 0.55 0.48
50 0.56 0.42 0.54 0.47
24 5 0.55 0.51 0.61 0.55
10 0.41 0.39 0.46 0.40
15 0.36 0.34 0.40 0.35
20 0.32 0.30 0.36 0.31
25 0.30 0.29 0.34 0.29
30 0.29 0.27 0.33 0.28
35 0.28 0.26 0.31 0.26
40 0.27 0.25 0.30 0.26
45 0.26 0.25 0.30 0.25
50 0.26 0.24 0.29 0.25
34 5 0.46 0.44 0.52 0.46
10 0.34 0.33 0.39 0.34
15 0.30 0.29 0.34 0.29
20 0.27 0.26 0.30 0.26
25 0.25 0.24 0.28 0.25
30 0.24 0.23 0.28 0.24
35 0.23 0.22 0.26 0.22
40 0.22 0.22 0.25 0.22
45 0.22 0.21 0.24 0.21
50 0.21 0.21 0.25 0.21
68 5 0.32 0.31 0.36 0.32
10 0.24 0.24 0.28 0.24
15 0.21 0.20 0.24 0.21
20 0.19 0.19 0.22 0.19
25 0.18 0.17 0.20 0.18
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30 0.17 0.17 0.19 0.17
35 0.16 0.16 0.19 0.16
40 0.16 0.15 0.18 0.16
45 0.15 0.15 0.18 0.15
50 0.15 0.15 0.17 0.15
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Table A8: Widths of 95% confidence intervals for ICC=0.06

Number | Number of CL Linear | GEE | Meta Mixed-
of individuals per Regression Regression effect
clusters | cluster
6 5 1.27 095 |1.21 1.14
10 0.99 0.74 10.94 0.87
15 0.90 0.68 ]0.85 0.77
20 0.84 0.63 ]0.80 0.71
25 0.79 059 |0.77 0.66
30 0.77 057 [0.72 0.64
35 0.75 056 [0.71 0.62
40 0.73 0.55 ]0.68 0.60
45 0.72 054 10.69 0.59
50 0.71 054 10.69 0.59
24 5 0.58 054 |0.64 0.57
10 0.45 043 |0.51 0.44
15 0.41 0.38 |0.45 0.39
20 0.38 036 |0.42 0.36
25 0.36 034 [041 0.35
30 0.35 0.33 ]0.40 0.34
35 0.34 032 ]0.38 0.32
40 0.33 032 |0.37 0.32
45 0.33 031 |0.37 0.32
50 0.33 031 [0.36 0.31
34 5 0.48 0.46 |0.54 0.48
10 0.38 0.36 |0.43 0.37
15 0.34 0.33 ]0.38 0.33
20 0.32 030 [0.35 0.31
25 0.30 029 ]0.34 0.29
30 0.29 0.28 |0.34 0.28
35 0.28 0.27 ]0.32 0.28
40 0.28 0.27 ]0.32 0.27
45 0.27 0.26 ]0.30 0.27
50 0.27 0.26 [0.31 0.26
68 5 0.34 0.33 |0.38 0.33
10 0.27 0.26 [0.31 0.26
15 0.24 0.23 ]0.28 0.23
20 0.22 0.22 ]0.26 0.22
25 0.21 021 ]0.24 0.21
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30 0.20 0.20 0.23 0.20
35 0.20 0.20 ]0.23 0.20
40 0.20 019 0.22 0.19
45 0.19 019 [0.22 0.19
50 0.19 019 ]0.22 0.19
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Chapter 6

Discussion and Conclusion

In this thesis, we investigated the several methodological and statistical challenges
pertaining to stratified CRTSs : (i) surveyed the literature to assess the current practice about
reporting and analysis of data from stratified CRTSs; (ii) assessed the sensitivity of methods
for analyzing continuous data from stratified CRTSs; (iii) empirically investigated the
sensitivity of methods for analyzing count data from stratified CRTs; (iv) evaluated the
performance of methods for analyzing continuous data from stratified CRTs. In this
chapter, we summarize the key findings focusing on the research questions this thesis is
based on. The implications and limitations of these research works are also highlighted

here.

6.1 Addressing the research questions
6.1.1 What is the quality of reporting of stratified CRTs?

In Chapter 2, we conducted a systematic survey [1] to appraise the reporting and
analysis of data from stratified CRTs. Overall, 185 stratified CRTs were included for data
abstraction. Data were abstracted on several design characteristics including reporting of
sample size, randomization, primary method of analysis and reporting of results. All of the
included studies did not report the sample size calculation. Only ~60% of the 185 studies
reported the ICC or CV, while ~25% studies reported the adjustment for lost to follow-up

and <10% reported method used to calculate the sample size. More than 50% of the studies
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did not report the method used for randomization, while 23% of the studies did not define

all the strata.

6.1.2 Is the intervention effect assessed through proper adjustments — namely,
clustering and stratification?

In order to correctly assess the intervention effect from stratified CRTs it is
necessary to adjust for both stratification and clustering in the primary analysis. One of the
objectives of this thesis was to summarize the evidence on that front. From our systematic
survey [1] in Chapter 2, we found that only 38% of the studies adjusted the primary method
for both stratification and clustering. Further, only 19% and 31% of the studies included
stratification variables in the study flow chart and baseline characteristics table,

respectively.

6.1.3 How robust is the methods for analyzing continuous data from stratified CRTs?

In Chapter 3, we conducted an empirical study [2] to examine the sensitivity of
methods for analyzing continuous data from stratified CRTs. Five individual- and cluster-
level methods including: standard linear regression, cluster-level linear regression, GEE,
mixed-effect and meta-regression were compared to assess effect of the intervention
classroom curriculum resources (CCR) on improving the peer attitude towards children
who stutter using the data from the Mallick et al [3] study. The conclusion from all methods
was similar that is, CCR has no effect compared to usual care on improving the peer attitude

[2]. The direction of the estimated effect was similar for all methods except for meta-
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regression. The magnitudes of the estimated differences were similar among the methods

with or without adjustment for stratification.

6.1.4 How robust is the methods for analyzing over-dispersed count data with excess
zeros from stratified CRTs?

In Chapter 4, we assessed the sensitivity of methods for analyzing count data from
stratified CRTSs [4], using the data from the ViDOS study [5]. The outcome, number of
falls, was over-dispersed with excessive zeros. Eight methods based on Poisson and
negative binomial distributions were compared. The overall conclusions from all methods
were similar that the KT intervention had no effect on number of falls. However, these
methods differ in terms of estimated RRs, and widths of 95% confidence intervals. The
estimated RRs were higher and confidence intervals were wider for methods that did not

take into account the inflated zeros.

6.1.5 What is the impact of ignoring the adjustment for stratification?

In Chapter 3 and 4 we assessed the impact of not adjusting for stratification in
estimating the intervention effect when the outcomes of interest were continuous and count,
respectively. The results from these empirical studies demonstrated that, the widths of the
95% confidence intervals were wider and p-values were higher in the absence of

adjustment for stratification, even if the methods were adjusted for clustering.
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6.1.6 How the varying number of clusters, cluster sizes, ICCs, and effect sizes impact
the performance of methods for analyzing continuous data from stratified CRTs?

In Chapter 6, we conducted a simulation study to evaluate the performance of
several methods for analyzing continuous data from stratified CRTs [6]. We considered a
stratified CRT with one binary stratification variable. Data were generated for varying
number of clusters, cluster sizes, ICCs, and effect sizes. Mixed-effects method, GEE, meta-
regression and cluster-level linear regression were compared in terms of type | error rate,
statistical power, root mean square error and widths of 95% confidence intervals.

The performance of all methods improved as the number of clusters and cluster
sizes increased. GEE and meta-regression yielded ~10% type | error rate for small number
of clusters [6]. Rejection rate for all methods for testing the null intervention effect
increased as the effect size increased. All methods but meta-regression had approximately
similar accuracy and precision. Performance of all methods worsened as the ICC increases.
Meta-regression was the least efficient and least powerful method compared to GEE,
mixed-effects method and cluster-level linear regression for assessing intervention effect

from stratified CRTSs [6].

6.2 Implications for research and researchers

From our systematic survey [1] it is evident, reporting of stratified CRTs require
significant improvement. It is important to report the sample size calculation and the
necessary parameters used to calculate the sample size including ICC, one- or two-sided

test, and method used to calculate the sample size. Further, it is vital to define all the strata
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and include the stratification variables in the study flow-chart or baseline characteristics
table to highlight the stratification nature of the study. The primary method to examine the
intervention effect should adjust for both stratification and clustering as failure to such
adjustment will lead to erroneous conclusion [2,4,7]. Stratum-specific reporting of number
of clusters, cluster sizes and effect size (if possible) would be beneficial for the readers.

The results from the empirical studies demonstrated the robustness of several
methods for analyzing continuous and zero-inflated over-dispersed count data from
stratified CRTs. The overall conclusion from all the methods were similar. But these
methods differ in terms of effect size and precision. Also, these empirical studies confirmed
that the failure to adjust for stratification yield wider confidence intervals and larger p-
values, which in turn reinforce the need for such adjustment for assessing the effect of
intervention.

We investigated the performance of several methods for analyzing the continuous
data from stratified CRTs under varying number of clusters, cluster sizes, ICCs, and effect
sizes, and found that meta-regression was the least powerful and least efficient method
compared to GEE, mixed-model, and cluster-level linear regression methods. However,
people have to be cautious about using cluster-level linear regression since it is based on

cluster-level mean.

6.3 Major limitations and future work
There are several major limitations of this thesis. First, the systematic survey [1]

we conducted was based on MEDLINE only. Also, one reviewer was involved in the study
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selection and data abstraction. A large-scale systematic review including all the available
databases would provide more complete picture about the reporting and analysis of data
from stratified CRTSs.

Second, our empirical studies on continuous [2] and count [4] data were based on
very small and pilot stratified CRTSs, respectively. Empirical study based on large stratified
CRT can be further investigated to assess the robustness of methods.

Finally, in the simulation study [6] we only considered a stratified design with one
stratification variable with two strata. This can be further extended involving more than
one stratification variable and more than two strata. Also, we did not consider any
adjustment for small number of clusters in the GEE method [8] in our simulation study,
which can be further investigated. This type of simulation study can be further extended to

binary or count data.

6.4 Conclusion

In this thesis, we conducted a systematic survey to summarize the evidence about
the reporting and analysis of data from stratified CRTs. We identified the significant
deficiency in reporting and analysis of data and highlighted some areas that need to be
included in the reporting. We examined the robustness of methods for analyzing continuous
and count data from stratified CRTs. Finally, we evaluated the performance of methods for
analyzing continuous data from stratified CRTs. We believe, these research works will
guide the researchers to correctly assess the effect of intervention as well as improve the

reporting from stratified CRTSs.

107



PhD Thesis — S. Borhan; McMaster University
Health Research Methodology, Biostatistics Specialization

Reference

1.

Borhan S, Papaioannou A, Ma J, Adachi J, and Thabane L. Analysis and reporting
of data from stratified cluster randomized trials. Trials, Under review.

Borhan S, Mallick R, Pillay M, Kathard H, Thabane L. Sensitivity of methods for
analyzing continuous outcome from stratified cluster randomized trials — an
empirical comparison study. Contemporary Clinical Trial Communications 2019;
15:100405.

Mallick R, Kathard H, Borhan ASM, Pillay M, Thabane L. A Cluster randomised
trial of a classroom communication resource program to change peer attitudes
towards children who stutter among grade 7 students. Trials 2018; 19: 664.
Borhan S, Kennedy C, loannidis G, Papaioannou A, Adachi J, Thabane L. An
empirical comparison of methods for analyzing over-dispersed zero-inflated count
data from stratified cluster randomized trials. Contemporary Clinical Trial
Communications 2020; 17:100539.

Kennedy et al. Successful knowledge translation intervention in long-term care:
final results from the vitamin D and osteoporosis study (ViDOS) pilot cluster
randomized controlled trial. Trials 2015; 16:214.

Borhan S, Ma J, Papaioannou A, Adachi J, Thabane L. Performance of methods for
analyzing continuous data from stratified cluster randomized trials - a simulation
study. BMC Medical Research Methodology 2020. Under Review.

Kahan BC, Morris TP. Improper analysis of trials randomised using stratified

blocks or

108



PhD Thesis — S. Borhan; McMaster University
Health Research Methodology, Biostatistics Specialization

minimisation. Stat Med 2012;31:328-40.
Leyrat C, Morgan K, Leurent B, Kahan B. Cluster randomized trials with a small
number of clusters: which analyses should be used? International Journal of

Epidemiology 2018;47(1):321-31.

109



	Thesis
	Chapter 1+2 2
	Chapter 3+4 3
	Sensitivity of methods for analyzing continuous outcome from stratified cluster randomized trials – an empirical comparison study
	Background
	Methods
	Overview of the mallick et al. study
	Statistical methods
	Individual-level methods
	Linear regression
	Mixed-effects regression model
	Generalized estimating equation (GEE)

	Cluster-level methods
	Cluster-level linear regression
	Meta-regression


	Results
	Discussion
	Conclusion
	Funding
	Conflicts of interest
	Acknowledgement
	References

	Chapter 4 2.pdf
	An empirical comparison of methods for analyzing over-dispersed zero-inflated count data from stratified cluster randomized trials
	1. Background
	2. Methods
	2.1. Motivating example: ViDOS study
	2.2. Statistical analysis methods
	2.3. Standard Poisson/Negative binomial (NB) model
	2.4. Mixed-effect model (Poisson/Negative binomial)
	2.5. Generalized estimating equation (GEE) (Poisson/Negative binomial)
	2.6. Zero inflated models (Poisson/Negative binomial)

	3. Results
	4. Discussion
	5. Conclusion
	Acknowledgements
	References



	Chapter 5+6 2

	fld114: 


