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Abstract

Rationale: Most of statistical methods used in meta-analysis assume individual subjects as
units of randomization. Meta-analyses involving cluster randomized trials may lead to
additional sources of heterogeneity beyond those elevated by meta-analyses involving only
individually randomized trials. The appropriate statistical analysis to these meta-analyses
must take into account potential heterogeneity in the cluster randomized trials. A substantial
amount of literature covering statistical methodologies used in meta analyses can now be
found. Most of them, however, assume individual subjects as units of randomization.
Therefore, there may remain some questions that need to be investigated in the area of meta
analyses related to the inclusion of cluster randomized trials.

The generat linear mixed model (GLM) has been proposed to explain heterogeneity in
meta-analysis where the treatment effect is measured in binary outcome. Log-relative
measure is used as a response variable. The parameter estimation is based on assumption of
normal distribution of random effects. The generalized linear mixed model (GLMM) under
unspecified distribution of random effects may be an alternative choice. The two approaches
allow the inclusion of some covariates of trial level and subject level. Therefore it is
interesting to explore potential of the two approaches in meta-analysis involving cluster
randomized tnals in binary outcome.

Objective: Two potential non-Bayesian approaches of GLLM and GLMM are explored to
identify and explain heterogeneity in meta-analyses involving cluster randomized trials
comparing two treatment groups measured in binary outcome.

Methods: The two approaches of GL.M and GLMM are studied and evaluated their potential
in term of methodological aspects, results provided, strengths and limitations of these
approaches and exemplified in three published meta-analyses involving cluster randomized
trials. The first meta-analysis includes eight community-based trials. They were performed in
developing countries to examine the relationship of vitamin A supplementation and mortality
in children aged 6 to 72 months. None of the trials assigned individual children to treatment
groups. The second meta-analysis comprises fewer trials of 8, which is performed to evaluate
the effect of mammographic screening on reduction of breast cancer mortality. The third
meta-analysis is done to assess the effectiveness of multiple risk factor interventions to
reduce cardiovascular risk factors from coronary heart disease. Analysis is performed in the
14 trials included that provided smoking prevalence outcome. For each meta-analysis,
observed log-relative risks for individual trials are fitted to the GLM as a continuous
response. The trials included are classified to two categories according to randomization
units, clusters and individually, and called randomization design variable. This variable is
treated as a covariate of the model. The model parameters are estimated with the restricted
maximum likelihood (REML) under the normality assumption of random effects via MLwiN
software. For the GLMM, observed frequencies of the cutcome for each treatment group are
used rather than the observed log-relative risks for individual trials. A canonical link function
of the observed mean proportions is associated with linear predictors model of which
treatment and randomization design are treated as covariates. Here, the treatment effect can
be treated as random treatment effects. The maximum likelihood estimates of the model
parameters are obtained non-parametrically under a discrete mixture distribution of random
effects for K components, which is implemented by the EM-algorithm procedure via S-plus
software. Maximum posterior probability is used to classified trials to each compenent.

Results: The two approaches shown that the covariates effects and variability of random
effects from the models easily explained heterogeneity between trials. Results of numerical



examples are presented in topic 6 and 7. The GLMM is superior to the GLM in some aspects.
The GLMM gives further heterogeneity information from random treatment effects. In
addition, the approach provides component (or subgroup)-specific treatment effect and trial
classification according to the optimal components. This is very useful in further explaining
the heterogeneity that might be beyond the effects found in the model.

Conclusions: The GLMM approach provides more information for explaining heterogeneity
effect in meta-analyses involving cluster randomized trials. However, care should be taken
when interpreting the covariates effects of the model because inference on these effects
obtained from a discrete mixing distribution have not been ruled out. Nevertheless, the
GLMM would be much more efficient when it is applied to large meta-analyses.
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Executive Summary
Title: Combining Cluster and Individual Randomized Trials in Meta-analysis

Summary

In this study, the main aim is to explore and compare two potential non-Bayesian approaches
of GLM and GLMM to identify and explain treatment heterogeneity in meta-analyses
involving cluster randomized trials measured in binary outcome. General concepts on designs
and analysis of cluster randomized trials are illustrated in topic 2. A review of current
practice on meta-analysis related to cluster randomized trials is discussed in topic 3. Three
meta-analyses (1-3) on different situations according to number of trials and randomization
designs, which are described in topic 4, are selected from the published literature. They are
used to illustrate application of individual approaches. A review of some essential issues in
meta-analysis and simple conventional approaches are discussed in topic 5.

Exploration starts with the GLM approach, a linear regression mixed model. Details
of the approach are presented in topic 6. The model allows potential factors to be added both
in continuous and discrete form. For the three examples, log-relative risks of individual trials
are used as a continuous response variable. The covariate is a randomization design, which is
a binary variable for the two examples(2, 3). Estimation of model parameters is based on the
assumption of normal distributions of random effects. The parameters are estimated by
REML via the RIGLS algorithms. Because the number of trials in the examples are smalil,
standard errors of the estimates provided by the REML based on asymptotic properties,

especially for the variancet?, may be unreliable. Therefore, the parametric bootstrap
estimation is used to calculate confidence intervals for all the parameters. The GLM produces
estimates of an adjusted overall treatment effect, covariate effects and variance of random
effects to explain heterogeneity. Applications of the GLM to the three examples are
implemented using the MLwiN software. This approach is logically appropriate to the meta-
analyses related to cluster randomized trials.

Further investigation is performed in the GLMM. The approach is described in topic
7. This is a regression mixture model allowing the inclusion of some covariates of trial level
and subject level. The GLMM is utilized in a two-levels mixed poisson regression models,
applied to the three examples. Observed numbers of events from individual trials are used as
a response variable. For the investigation of random treatment effects, the two treatment
groups are treated as a binary covariate in the model. The other covariate is randomization
design, which is also a binary variable. The random treatment effect is obtained from an
interaction term between intercept and treatment variable. The NPML estimates of the
parameters are obtained from the discrete mixing distribution of the random effects via the
EM-algorithm. The optimal number of components is selected using the BIC- criterion. The
results of component-specific mean treatment effect and component weight reflect the
heterogeneity due to random treatment effects. When the optimal number of component is
more than one (K>1), further trial classification is performed using the posterior probability.
Applications of the GLMM to the three examples are implemented using the S-plus software.

These different approaches are then evaluated in topic 8 for their potential in terms of
application to the meta-analyses related to cluster randomized trials. Items to be evaluated are
methodological issues, heterogeneity information provided, model complexity, interpretation
of the results, strengths and limitations and numerical results of the three examples.

In conclusion, the GLMM are comparable in term of methodology aspects. Their aim
of analysis is appropriate to investigate heterogeneity effect in the meta-analyses. They are
both attainable approaches that provide results to be used to explain all dimensions of sources



of the heterogeneity in the meta-analyses. The GLMM is superior to the GLM in some
aspects. The GLMM gives further heterogeneity information from random treatment effects.
In addition, the approach provides component (or subgroup)-specific treatment effect and
trial classification according to the optimal components. This is very useful in further
explaining the heterogeneity that might be beyond the effects found in the model. However,
some limitations of the two approaches have to be considered. Meta-analysts should have
literate statistical modelling to perform the approaches in meta-analyses data. The results
obtained from the GLM may be unreliable if the normal distributed assumption of random
effects is misspecified. Also, the GLMM may have some difficulty in generalizability of the
estimated treatment effect as the unsolved problem in asymptotic inference from
nonparametric approach. This issue should be kept in mind and carefully considered when
interpreting the treatment effect. According to the considerations, GLMM is a preferable
choice.

Suggestions

Although the proposed GLMM in this study is investigated under the scope of meta-analyses
involving cluster randomized trials, they can also be applied to other meta-analyses that have
some potential covariates available at trial level and subject level. In terms of software, the S-
plus is used in this study. For this approach several software, such as GLIM and STATA, are
also available.

Although heterogeneity is one of the main issues in meta-analysis, interpretation of
treatment effects is also sometimes required. Therefore, researches need to be done to solve
the problem in the interpretation of estimated treatment effect from the NPML estimator of
mixing distribution. '
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Topicl: Introduction

1.1 Background

The randomized controlled trial is a well-established method used to evaluate the
effectiveness of treatments in health care. Most of the trials involve treatment allocation to
individual subjects, such as patients, school children and villagers. Such trials are called
individually randomized trials (IRTs). The effect of treatments is measured at individual
subjects, which is the unit of randomization. The individual subjects are, therefore, assumed
to be independent in terms of their responses. Variation of the responses comes from
variation among the individual subjects of each treatment group.

Throughout the 1980s and 1990s, different trial designs have been increasingly used
to evaluate treatment effectiveness. An important modification of the IRT is the cluster
randomized trials (CRTs). The cluster randomized trials are particularly relevant in field
trials on tropical diseases in developing countries such as in Thailand. In these trials,
treatments are randomly assigned to clusters {or groups) of individuals. Examples of the units
of treatment allocation are villages, schools, work sites, general practices, and hospitals.

An example of the cluster randomized trial is the WHO trial (4) conducted to evaluate
a new antenatal care programme compared to the standard antenatal care programme in
pregnant women. Fifty-three antenatal care clinics are stratified by countries and clinic sizes.
The clinics are randomly atlocated to each of the antenatal care programmes. Therefore, each
clinic would have only one antenatal care programme. Such that would make it more
convenient for investigators to manage the trial and also to avoid pregnant women receiving
more than one antenatal care programme. This is why cluster randomization is used instead
of individual randomization.

The treatment effects of cluster randomized trials are measured for individual subjects
nested within the clusters. Hence, the responses of individuals in the same cluster cannot be
regarded as independent. The responses in the same cluster tend to be more similar,
compared to those obtained from subjects in different clusters. For example, newborn babies
in the same nursery ward would likely have similar infection rate as compared to the babies
in different nursery wards. This is because the newborn babies within the same nursery would
be exposed to the same temperature as compared to those in different nurseries. So, variations
of the responses in a cluster randomized trial are measured from two sources, i.e. within a
cluster and between clusters.

The similarity of individual responses within the same cluster is reflected in a
measurable infracluster correlation coefficient(ICC). The ICC is a ratio of the variation of
between clusters to the overall variation, which is the addition of between and within cluster
variations. The ICC is used to calculate clustering effect, which is the specific characteristic
of cluster randomized trials. The ICC introduces one or more extra sources of random
variation that must be reflected in the sample size determination and data analysis. The
clustering effect is generally known as design effect. To account for the clustering effect in
data analysis, an analysis at cluster or individual level can be done depending on the research
question.

The randomization designs of cluster randomized trials used in health care evaluation
are commonly classified into three designs, completely randomized, matched-pair
randomized and stratified randomized. The choice of the designs depends on nature and
available number of clusters. Rationale for each design is given in the next section. The units
of randomization may vary even though the trials are conducted to evaluate similar
treatments. For example the eight cluster randomized trials included in the meta-analysis of
Vitamin A supplementation and child mortality(1) differ in the units of randomization. The
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randomization units are clusters of children, households, villages, areas, sub-districts and
wards. This issue may raise heterogeneity in the meta-analysis.

A large amount of the literature on randomized controlled trials has been published in
the last two decades. There is, however, some controversy on conclusions found in the trials
to assess similar or the same treatment effect. Furthermore, some trials were done in very
small sample sizes. The conclusions on the treatment effect of such trials are, thus,
questionable.

Meta-analysis is known as the statistical method used to gather and combine
information from many related trials(5). The method aims to compare and potentially
combine estimates of treatment effect across trials(6). Meta-analysis may provide a clear
overall picture when single trials may appear inconsistent with regards to degree or direction
of the treatment effects of interest. By including several trials, the results can be more precise
and may also allow investigation and identification of variability of treatment effects across
tnals (7, 8).

Since the mid-1980s meta-analysis has become an important part of health care
research not only primarily for randomized controlled tnals but also for observational
epidemiological studies(9). Continuing activities on meta-analysis have increased steadily
since the past decade. When the PubMed electronic database of the National Library of
Medicine is searched using ‘meta analysis’ as a key word, only 6 papers are found in the year
1980. The number increased to 323 papers in 1990. A big increase of up to 1,175 papers is
seen ten years later in 2000. One reason of such an increase is the awareness of a demand to
obtain not just evidence but reliable evidence from all the relevant studies(10). The reliable
evidence is used to justify any decision in health care activity, such as whether to give a new
therapeutic treatment to diabetic patients and whether mammographic screening should be
kept or abandoned, etc.

Meta-analysis can yield numerical statistics for overall treatment effects of interest,
such as relative risk, odds ratio, mean differences, and confidence intervals via several
existing estimation approaches both in Frequentist and Bayesian perspectives(11, 12). These
statistics have been most commonly applied to the results of individually randomized trials,
which is the most common type of randomized controlled trials.

The variability of treatment effects between the tnials is likely, because of the random
chance, known as sampling error. If estimates of treatment effect vary among trials beyond
that expected by chance alone, it is generally known as ‘heferogeneity’' in meta-analyses.
Potential sources of heterogeneity may be from some biases due to different trial and subject
characteristics between trials, and unobserved random effects(13). It would be clearly
remarkable if all the trials being meta-analysed yield the same treatment effect. However, in
practice it is hardly possible for such trials to be included in the meta-analyses. So,
heterogeneity is an important issue that must be explored and identified when a meta-analysis
is applied(6, 14-17). .

Meta-analyses involving cluster randomized trials are increasingly found in many
health care publications, These meta-analyses may lead to additiona! sources of heterogeneity
beyond those elevated by meta-analyses involving only individually randomized trials.
Papers of cluster randomized trials may be different in eligibility criteria on both the cluster
and individual level, in randomized designs and units of randomization. In addition, they may
present results from different levels of units of analysis, cluster and individual. Simple
conventional methods, both in the area of fixed effect and random effects models, ignoring
this heterogeneity may result in incorrect inferences for the treatment effects. However, the
empirical evidence from a review of 25 published meta-analyses related to cluster
randomized trials shows that 15 of the meta-analyses used simple conventional methods of
the fixed effect model as method of analysis. Detail of the review is illustrated in Topic 3.
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The appropriate statistical analysis to these meta-analyses must take into account potential
heterogeneity in the cluster randomized tnals.

A substantial amount of literature covering statistical methodologies used in meta
analyses can now be found. Most of them, however, assume individual subjects as units of
randomization. Therefore, there may remain some questions that need to be investigated in
the area of meta analyses related to the inclusion of cluster randomized trials.

1.2  Aims and objectives

In this study some potential non-Bayesian approaches are explored to identify and explain

heterogeneity in meta-analyses involving cluster randomized trials comparing two treatment

groups measured in binary outcome.

The specific objectives are:

. to investigate the potential of general linear mixed model (GLM) and generalized
linear mixed model(GLMM) with nonparametric maximum likelihood estimator
(NPMLE) to identify and explain heterogeneity in the meta-analyses;

. to compare methodological aspects, results provided, strengths and limitations of
these approaches to the common approaches of simple conventional methods, and
. to propose appropriate approaches to apply to the meta-analyses related to cluster

randomized trials.

1.3  Sequences of further topics

This study covers 8 topics. Literature review is presented in topics two, three and five. Topic
2 describes general concepts of design and analysis in cluster randomized trials. Topic 3
presents a review of meta-analyses involving cluster randomized trials and discusses current
practice in the meta-analyses. Topic 4 introduces examples of three published meta-analyses
in binary outcome to be used in the study. Topic § discusses important elements in the
analytical approach of meta-analysis. This topic also discusses simple conventional
approaches. Methodology, results and discussion are presented together in topics six, seven
and eight. Topic 6 discusses the GLM and illustrates its application to the three examples.
Topic 7 discusses the GLMM and illustrates its application to the three examples. Topic 8
presents a comparison of the two approaches in terms of their methodology issues, results
provided and interpretation of results. The topic also discusses strengths and limitations of
individual approaches. Finally, the topic presents the proposed approaches to be used in
meta-analyses related to cluster randomized trials under the discussed situations in the topic.
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Topic 2: General concepts of design and analysis in cluster randomized trials

2.1 Introduction

Most randomized controlled trials involve treatment allocation to individual subjects.
However, there are many situations in health care areas where such allocation is not desirable
or even possible. Instead, clusters or groups of individuals may be randomized to a treatment
or control group. Such trials are often called cluster-randomized trials. This term wiil be used
throughout this study. Other terms are group-randomized trials, community intervention
trials, etc. The units of treatment allocation of cluster-randomized trials vary. They range
from relatively small clusters like households or families to relatively large ones like entire
villages or, communities (18). '

This topic describes the general concepts of a cluster randomized trial. Section 2.2
discusses the rationale for performing cluster randomization. Section 2.3 presents variation in
cluster randomized trials and clustering effect. Section 2.4 describes the common alternative
designs of cluster randomized trials applied to health research. Section 2.5 discusses the
analysis issue. Section 2.6 discusses the problems found in published papers on cluster
randomized trials.

2.2  Rationale for cluster randomized trials

Over the past two decades cluster-randomized trials have been markedly increasingly used to
study effectiveness of health intervention. There are reasons for using clusters as the units of
treatment allocation (19-24).

The first reason is specific to the circumstance of infectious disease (24). Some
treatments are aimed primarily at disease transmission to the other persons come in contact
with the subjects receiving the treatments. The treatment effect is also expected on decreasing
the susceptibility of subjects receiving such treatment. An example is the randomized
community trial of improved control sexually-transmitted diseases (STDs) conducted for
AIDS prevention in Uganda (25). The STDs treatment was expected to block onward HIV-
infected subjects from passing the infection to their partners. This situation cannot be
answered by individually randomized trial where the effect of treatment is measured from the
subjects who received treatment. Alternatively, a cluster-randomized trial allows the overall
treatment effect on both infectious and susceptibility to be captured at community level (24).

The second reason is that some treatments may be maximized if the treatments are
received by a large proportion of the population (24). An example is the trial on providing
impregnated bednets for malaria control in Africa (26). The investigators expected that, with
the high usage of nets in a village, the overall level of transmission of malaria might be
reduced through the mass killing of the mosquito vectors, which in turn would also protect
non-net users from infection.

The third reason is when treatment implementation cannot-be directed to individual
subjects. An example is a community trial on the impact of improved sexually-transmitted
diseases (STD) on HIV epidemic in rural Tanzania (27). The STD treatment intervention
involves the provision of improved services at health facilities. The services offered by each
facility are available to the entire population. This necessitates the randomization of whole
communities, rather than individuals.

Other reasons include administrative convenience, political aspect and avoiding
treatment contamination (19, 20). In some instances it may not be convenient from an
administrative or political viewpoint to allocate individuals of the same cluster to different
intervention groups (23). An example is 8 WHO trial carried out to evaluate whether a new
programme of antenatal care, which only includes item of care of proven effectiveness, has
similar outcomes to current standard care. Fifty-three antenatal care clinics were randomized
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to each of the two intervention groups rather than randomizing women within the same clinic
to different intervention groups.

The need to avoid treatment contamination s also a common reason for choosing the
cluster randomization design (20, 21). The WHO antenatal care trial is one example of this. If
the women within the same clinic were randomly allocated to different intervention groups,
the women allocated to the new intervention group may adopt the antenatal care strategies of
the standard group. This is because the women of the intervention group have less antenatal
care visits than the standard group.

2.3 Variation and clustering effect

In the individually randomized trial, different treatments are randomly allocated to individual
subjects. Analysis is also performed for the individual subjects. These individual subjects are
then assumed to be independent in terms of their responses. Therefore, variation of the
treatment outcome comes from variation among the individual subjects due to treatment
group.

In contrast, for the cluster randomized trial, the unit of randomization is the cluster of
individual subjects, which is a higher aggregated level than that of the individual randomized
trial. The responses of the subjects within the same cluster may be more similar than those of
other clusters. For example, children in the same class receive the same teaching pattern
from the same teacher. They also share the same discussion experience in their class. This
combination increases the likelihood that the children will respond similarly in trial where
classes are the randomization units. In such a situation, the outcome of interest is measured
for individual subjects nested within individual clusters. So, variation of the outcome comes
from two sources; within a cluster and between clusters.

The intra-cluster correlation coefficient (ICC;p) is a measure of within-cluster

similarity or homogeneity. It is defined (28) as the proportion of the total variation of the
response accounting for differences among the clusters. The ICC is expressed as

o
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where of is the between-cluster variance and o2, is the within-cluster variance.

By applying the analysis of variance, of and & can be estimated (29) by
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where MSB is the between-cluster mean square and MSW is the within-cluster mean square,
Ny is the average cluster size obtained by
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where J is the number of clusters, N is the total number of individuals, and n;is the number of
individuals in the j™ cluster. Equation (2.2) and (2.3) can substitute into equation (2.1) and

thenp is given by
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Commonly, the ICC is a positive value with maximum at 1. Negative values of the
ICC are usually set to zero because values of ICC less than zero are generally considered

(2.5)
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implausible in the context of cluster randomized trial(19). The values of ICC tend to be larger
in smaller clusters but with a non-linear relationship (30, 31).
The design effect (Deff) of cluster randomization is defined (28) as a ratio of the

variance of the estimated outcome under the cluster randomization (o) to the variance of

that under simple random sampling (céps) with the same number of individuals (or sample

size),
o2
Deff = =& (2.6).
OGRS
The design effect is sometimes called clustering effect in cluster randomized trials. It
can be interpreted as the multiplying factor of the number of subjects in cluster randomized
trials, compared with the number of subjects in individually randomized trials required to get
the same power. The sample size obtained by the standard method should be multiplied by
the design effect to compensate for clustering effect in a cluster randomized trial. The
analysis of cluster randomized trial also needs to account for the design effect so that the
inference will be identified as valid (23, 32). The design effect can also be obtained by,
Deff = 1+ (n-1) p 27
where n is the average cluster size for balanced cluster sizes trials (28). But when the trials
vary in cluster size, n is recommended to replace with ny from the formula (2.4) (23).

The design effect can be large for large clusters even with small ICC. It can be unity
if there is no between-cluster variation (o= 0) because p is zero.

2.4  Strategies for randomization in cluster trials

When performing cluster randomized trials, the decision to apply an appropriate
randomization design depends on a number of factors, e.g. number of potential clusters in the
study and baseline characteristics. In the completely randomized design, assigning different
treatments to clusters is done without pre-matching or stratification by potential factors
related to outcome. It is most appropriate when there are many clusters available to be
randomized(33). When there are small numbers of clusters, it may vield an unbalance
between treatment groups with respect to baseline characteristics. The completely
randomized design is not recommended under these circumstances (23, 29).

An example is a randomized control community trial done to evaluate the impact of
vitamin A supplementation on child mortality in northern Sumatra, Indonesia (34). 450
villages were randomly assigned to either participate in a vitamin A supplementation scheme
(n=229) or serve for one year as a control {(n=221). Child mortality rate at one year of follow-
up was the measure of the effect of vitamin A supplementation.

Matched-pair randomization is a design where clusters are matched in pairs according
to baseline characteristics such as cluster size, demographic characteristics or other potential
factors associated with the outcome. From every pair, one cluster is then assigned to each
treatment group at random. The main advantage of this design is that it gives very close
balancing of important baseline risk factors (20). However, there are also disadvantages(19,
20, 23, 29, 35-38). When there are few clusters, it may be difficult to get close matches on all
potential risk factors. In addition when a particular cluster of any pair drops out, the pair has
to be deleted from the study. This will lead to a decrease in the study degrees of freedom.
Furthermore, one cannot estimate all the variance components since the between-cluster
variation cannot usually be estimated within pairs. This is because each cluster within a pair
receives a different treatment. In addition, between-clusters variation within the same
treatment group cannot be estimated due to confounding with differences between pairs.
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An example is a randomized community trial conducted to assess impact of improved
treatment of sexually-transmitted disease (STD) on HIV infection in rural Tranzania (39).
Twelve large communities were matched on area, type and prior STD rate into six pairs. One
of each pair is then randomized to the intervention group. Two years of HIV incidence is the
outcome measure.

Stratification is an extension of the matched-pair design, in which several clusters
within each stratum are randomly assigned to each treatment group. This design should
reduce the probability of large imbalances on important prognostic factors (19, 20, 23).
Stratified design provides some advantages. Since there is more than one cluster within each
treatment-stratum combination, it is possible to estimate between-cluster variation. This is
because the clustenng effect can be separated from both the treatment effect and the stratum
effect. Stratification by cluster size is considered desirable not only to accomplish balancing
the number of individuals in each treatment group, but also the cluster size may be a marker
for within-cluster dynamics that is predictive for outcome. When a large number of clusters
relative to the number of confounding factors exist, it is easier to construct meaningful strata
under the stratified design as compared to the pair-matched design.

An example is a WHO trial to evaluate a new antenatal care programme (4). The trial
was done to evaluate whether a new programme of antenatal care, which only includes items
of care of proven effectiveness, has similar outcomes to the current standard care. Fifty-three
antenatal care clinics were randomized to each programme after stratification by country (4
different countries) and clinic size (small, medium and large). Stratification according to
country is expected to provide some contro! over confounding by country. Clinic size is an
additional stratification factor that is expected to be a marker for a range of baseline factors.
The main ocutcomes are: low birth weight, pre-eclampsia/eclampsia, severe postpartum
anemia and treated urinary-tract infection.

2.5 Analysis issues

As clusters are the units of randomization rather than individuals, the clustering effect must
be taken into account in the analysis. The simplest approach is to use the cluster as the unit of
analysis. Then, a summary statistic for all individuals within each cluster is the outcome
variable, e.g. hospital mean length of stay, area utilization rate, proportion of smokers.
Standard statistical methods can be used to compare the cluster responses between different
treatments, and thus if it is necessary, cluster-level baseline risk factors, such as cluster sizes
or urban/rural location, can be adjusted for. Obviously, it is appropriate to do cluster level
analyses when the inference of the trial focuses directly on the randomization unit as a whole
rather than on the individual subjects. However, one has to keep in mind that a large number
of clusters is needed. Otherwise, it may lack power of study (19).

Another appropriate approach is to use the individual as the unit of analysis, adjusting
for the dependency among individua! responses within the same cluster. To do valid
individual level analyses, a large number of clusters per treatment group are required to
adequately account for the clustering effect(19).

Substantial literature on basic approaches without considering covariates and
advanced approaches of modelling analysed at individua! subjects have been proposed to use
in the cluster randomized trials (23). Mixed effect models that account for the variability
between clusters have appeared frequently in the literature on cluster randomized trials. Most
of these are based on assumption of normal distribution of random effects. Furthermore,
Bayesian approaches as an extension to the hierarchical modelling are becoming increasingly
used for cluster randomized trials (40). This development took place because of some
deficiencies found in the former approaches based upon the normality assumption of the
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random effects. Another reason might be because of the availability of advances in
computational methods.

2.6 Problems in published papers of cluster randomized trials
Three papers have specifically reviewed the methodology of design and analysis aspects in
the published literature of the cluster randomized trials in areas of health care(23, 32, 33, 41).
The problems found seem to persist from 1979 to 1996. Most studies did not recognise the
clustering effect in the sample size estimation. Thus the sample size may not be big enough to
give reliable estimate of treatment effects. Studies are often designed in smal!l number of
clusters. Sometimes only one cluster is randomized to each of two or more treatment groups
(23, 41). Studies often provide the results at an individual level without adjusting for
clustering effect. This potentially leads to spurious statistical significance and too narrow
confidence interval of the treatment effect of interest. Few studies explicitly published
clustering effect information in their trials. This might possibly lead to difficulties to the
statistical considerations for future investigators in planning the total number of clusters to be
randomized.

These problems need to be considered when including cluster randomized trials from
the published literature to meta-analyses.
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Topic 3: Review of meta-analyses involving cluster randomized trials

3.1 Introduction

Meta-analysis of the trial results is now a common tool used in health care research. It could
yield more reliable conclusion of treatment effects than that obtained from individual trials
alone. There is now substantial literature to be found covering the statistical methodology
used in meta-analyses. Most of them relate to meta-analyses of trials, which randomize
individual subjects. Cluster randomized trials have received less research attention in the
literature on meta-analysis. Thus, to obtain empirical evidence of the current situation, a
review is conducted in published meta-analyses involving cluster randomized trials. The
objectives are to describe statistical approaches for handling heterogeneity and estimation of
treatment effects in the meta-analyses involving cluster randomized trials.

Section 3.2 describes the methods used for the review, including strategies to search
and identify trials from the published literature. The reviewing procedure for each paper is
also provided in this section. Section 3.3 describes results obtained from the review. Section
3.4 presents comprehension of the results and makes a conclusion from the review.

3.2 Methods
3.2.1 Study search and identification
Electronic search was performed for reports in English on meta-analyses involving cluster
randomization trials. We were aware of difficulty in searching the reports related to cluster
randomization trials. It was because using the keywords of ‘cluster randomization” might not
be able to identify some of the meta-analyses involving such trials. Therefore other keywords
related to ‘cluster randomization’ were also combined with the keywords of meta-analyses.
The search keywords were presented in Table 3.1. The following electronic databases were
used: Medline, Health Star, Embase, SCIsearch and the Cochrane Library. The SClIsearch
database was used to identify further references that cited the relevant papers. The search was
done from the first year of each electronic database to 2000.

Once a meta-analysis was identified, papers on the relevant cluster randomization
trials included were also requested.

Table 3.1 Keywords used for electronic databases searching
1 meta-analysis 14 (10) and (13)
2 randomized controlled trials 15 (10)and (4)
3 randomised controlled trials 16 trials
4 (Q)or(3) ' 17 intervention trials
5 (1)and (4) 18 (16)or (17)
6 cluster 19 (10) and (18)
7 group 20 cluster effect
8 community 21 design effect
9 field 22 inflation factor
10 (6) or (7) or (8) or (9) 23 intracluster correlation
11 randomization 24 clustering
12 randomisation 25 (14) or (15) or (19)
13 (1) or (12) 26 (1) and (25)
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3.2.2 Review process

Each cluster randomization trial was reviewed with respect to designs of randomization and
adjustment for clustering effect in the analysis. Each meta-analysis was then reviewed with
respect to number of trials included, particularly the number of cluster randomization trials,
types of intervention of interest, outcome measure, methods to obtain an overall treatment
effect and heterogeneity consideration regarding the inclusion of cluster randomization trials.
The interventions of interest were classified into three main types, educational, health care
and screening. The cducational intervention was referred to the interventions related to
health promotion or non-therapeutic treatments, e.g. mass media, group behavior therapy, etc.
The health care intervention was referred to the interventions related to therapeutic or
preventive treatments, e.g. routine antenatal care, vitamin A supplementation, etc. The
screening was referred to the interventions related to investigation of disease in general
people, e.g. memmographic screening, etc.

3.3  Results

The search identified 25 eligible meta-analysis reports published between January 1990 and
2000. Sixteen reports were from the Cochrane Library, and two were from the British
Medical Journal. Each of the remaining seven was from the American Journal of Public
Health, American Journal of Tropical Medicine and Hygiene, Bulletin of the World Health
Organization, International Journal of STD&AIDS, Journal of American Medical
Association, Journal of the National Cancer Institute Monographs and The Medical Journal
of Australia, respectively.

Table 3.2 presents types of intervention studied and trals included in each of the 25
meta-analyses. Health care intervention was the majority, which accounted for 64.0 per cent
(16/25) of the meta-analyses. A total of 89 cluster randomization trials and 297 individually
randomization trials were included in these 25 meta-analyses. A mean number of 15 trials
was found for individual meta-analyses ranging from 2 to 41. For the cluster randomization
trials included, a mean of 4 ranging from 1 to 17 was found. There were 15 meta-analyses
that included more than one cluster randomization trials. The randomized units of cluster
randomization trials within the same meta-analysis were mostly different. For example, in a
meta-analysis on mass media interventions to prevent smoking among children (42), the three
included cluster randomization trials had area, school and community as a randomized unit,
respectively. Moreover, eligibility criteria at both cluster and individual level of the trials
included in the same meta-analysis were quite different. These differences among the cluster
randomization trials might lead to extra sources of heterogeneity beyond those already
existed in meta-analysis including only individually randomization trials. Consequently, they
might raise more difficulties in methodologic issues.

From the 89 cluster randomization trials, 83 original papers_could be reviewed. In two
of the remaining six cluster randomization trials, the required information was extracted from
the meta-analyses in which they were included. One of them was an unpublished paper, and
the other was written in Russian. The remaining four cluster randomization trials could not be
accessed as they were referenced incorrectly. We attempted 1o search for these four trial
papers but did not succeed to access the correct papers. Consequently, a total of 85 cluster
randomization trials could be reviewed. References of the trials reviewed are presented in
Appendix 1. The following results were thus based on the accessible papers.

Twenty-two meta-analyses had a binary endpoint as the primary outcome. One meta-
analysis had a binary and a continuous endpoints as the co-primary outcomes. Fifteen meta-
analyses reported simple conventional methods of fixed effect model as methods of analysis.
They treated the cluster randomization trial results as individually randomization trial results.
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Six meta-analyses did not incorporate the cluster randomization trial results in the
quantitative synthesis. They described the results of cluster randomization trials separately.
Three meta-analyses reported the synthesis methods that account for clustering effect. One
was unclear, as it did not report the synthesis method.

Details of randomized design and unit of analysis for each cluster randomization trials
included in each meta-analysis and the combining methods were presented in Table 3.3. Here
the last three columns were considered together. In the group of fifteen meta-analyses that
reported simple conventional methods in the quantitative synthesis, two meta-analyses(43,
44) likely provided reasonable evidence because the results of cluster randomization trials
included were analysed at individual unit adjusted for clustering effect. Nine of the fifteen
meta-analyses included cluster randomization trials with a mixture of different randomized
designs. They were completely randomized, matched-pair randomized and stratified
randomized. The cluster randomization trials included in the nine meta-analyses also had a
mixture of different units of analysis, some at cluster level and some at individual level.
These mixtures certainly raised additional heterogeneity in the meta-analyses and needed to
be considered in the synthesis procedures. However, none of these meta-analyses reported
any concern on the heterogeneity that might be due to cluster randomization trials.

For the six meta-analyses that did not incorporate the results of cluster randomization
trials into the quantitative synthesis, three included more than one cluster randomization
trials. The trials for each meta-analysis were mixed up with different randomized designs and
units of analysis. These meta-analyses probably the ones that used sensible methods because
the reviewers were aware of heterogeneity that might be due to cluster randomization trials.

Three meta-analyses that included cluster randomization trials with a mixture of
different randomized designs and units of analysis, attempted to adjust for clustering effect in
the quantitative synthesis. Details of adjustment for each meta-analysis were presented in
Table 3.4. The outcome measures of these three meta-analyses were binary data. The meta-
analyses had individual explanation for the clustering effect adjustment in the following three
paragraphs.

First was the meta-analysis evaluating the value of mammographic screening for
women under 50 years of age (45). It included six individually randomization trials and two
cluster randomization trials. For the two cluster randomization trials, one (46) used the design
of stratified randomization and individual level as the unit of analysis adjusted for clustering
effect. The other (47) used matched-pair design and also individual level as the unit of
analysis but ignored clustering effect. The applied technique of Mantel-Haenszel for
clustered binary data, proposed by Rao and Scott (48), was used in the sensitivity analysis.
The technique aimed to estimate an overall odds ratio of K 2 x 2 tables of independent
clustered data in binary outcome. By using the Rao and Scott’s method, each included trial of
the meta-analysis was taken fo represent an independent group of the clustered binary data.
The method required clustering effect of each treatment group for each trial to be adjusted for
in the analysis. Since there was less information on this process in the methodology part of
the meta-analysis, it was unclear exactly how the authors managed this issue. But they
reported that each of the two cluster randomization trial results was allowed for the same
degree of clustering effect of relative 90 per cent (=100(1/design effect)) in the synthesis
without any explanation on the adjustment. This might elevate the problem of inappropriate
adjustment. It was because only one cluster randomization trial (46) reported the estimate of
relative efficiency due to cluster sampling of 87 per cent. In addition, the six individually
randomization trials seemed to be treated as having one cluster in each arm of the trial. This
issue did not satisfy the requirement of the method that needed a large number of clusters in
each arm of each trial to provide valid results. Thus the Rao and Scott’s method would be
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inappropriate for estimating an overall odds ratio of any meta-analysis including a mixture of
individually and cluster randomization trials, which was the case of this meta-analysis.

Second was the metza-analysis assessing effect of vitamin A supplementation on child
mortality(1). All eight trials included were cluster randomized. Six of them used a
completely randomized design, one used matched-pair and the other reported unclear
information on the randomized design. The analyses were reported at cluster level in one trial
and at individual level in seven trals, of which three trials adjusted for clustering effect. The
meta-analysis reported the common method of DerSimonian&Laird (49), which was the
random effects model, used to estimate an overall odds ratio. Each pooled odds ratioc was
adjusted for clustering effect by increasing the variance with equal estimate of 30 per cent.
The report presented that the figure was determined from some included cluster
randomization trials that provided sufficient information on the clustering effect ranging from
10 to 44 per cent. In fact the cluster randomization trials were quite different in terms of types
of unit of treatment allocation like wards, household, clusters, villages, districts areas and
slums, and number of clusters of each trial. Thus it seemed to be unfair to account for
clustering effect with the same degree for individual pooled odds ratio. In addition, some
resuits of the cluster randomization trials (34, 50, 51) were already adjusted for clustering
effect, and one (52) had the result at cluster level. The approach of adjustment for clustering
effects used in this meta-analysis might be reasonable if the tdals included have quite similar
units of treatment allocation and number of clusters of each arm for each trial.

The third meta-analysis was on vitamin A supplementation on childhood pneumonia
mortality(53). This meta-analysis included five cluster randomization trials, four(34, 50-52)
of which overlapped with trials of former meta-analysis (1). Four of these five cluster
randomization trials used a completely randomized design and one used a matched-pair
design. Three of the five trials reported analyses performed at individual level, two of them
adjusted for clustering effect. The remaining two trials reported analyses done at cluster level.
The meta-analysis reported the fixed effect model of Mantei-Haenszel method used to pool
the results. Individual pooled results were adjusted for clustering effect by increasing the
variances of their odds ratios with different degrees. The estimates of the adjusted effects
were obtained from the meta-analysis studied by Beaton et al. (54), which was done in a
related topic to this meta-analysis. We did not review the Beaton et al.’s study (54) because it
could not be accessed from any electronic database searched by our study. However, Donner
et al.(55)mentioned that Beaton et al. (54) used the method of Rao and Scott (48) in their
meta-analysis with satisfaction to the method assumption. The adjustment for different
degrees of clustering effects seemed to be a reasonable procedure because the unit of
randomization for each cluster randomization trial was quite different. But there were two
trials(52, 53) that had the results analysed at cluster level and whether they needed to be
adjusted for clustering effects. Therefore, if excluding the two trials, the adjustment approach
shown in this meta-analysis seemed to be justified. 2

3.4 Comprehension of review results

In principle, when doing a meta-analysis including individually randomization trial resulits, an
overall treatment effect could be estimated in a straightforward way, if the valid estimated
treatment effects and their variances were provided. This concept could also be further
applied to the meta-analyses that included results from cluster randomization trials with the
same randomized designs and analyzed at individual level adjusted for clustering effect or at
cluster level. Furthermore, even if the cluster randomization trials results were analyzed at
individual level not adjusted for clustering effect, if all information on appropriate clustering
effects was available, the results could be pooled. In practice this was unlikely to happen as
seen in this review,
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One simple approach for adjustment of clustering effect in binary cutcome was the
approach of Mantel-Haenszel proposed for clustered datz by Rao and Scott (48). This
approach couid be applied to the meta-analysis of cluster randomization trials comparing two
treatment groups with a completely randomized design(56). Requirements of the approach
that relate to the results of cluster randomization trials were the results analysed at individual
level. In addition, total sample size, count number of treatment outcome and clustering effect
of each treatment group were needed. Furthermore, the method required a large number of
clusters for each treatment group of each of individual cluster randomization trials. It might
be impossible, however, to use this approach in real situations, because all the data required
estimating an overall odds ratio by the approach were unlikely to be available.

The results show that 44.0 per cent (11/25) of the meta-analyses reported the methods
considering the clustering effect in the synthesis. This figure was quite low. In addition, the
meta-analyses that reported estimation approaches adjusted for clusterng effect might
provide imprecise estimates of overall treatment effects. Various issues needed to be
considered.

It was found that 15 meta-analyses included more than one cluster randomization
trials. The trials included in each of the meta-analyses had various randomizied designs as
shown in Table 3. This was an additional source of heterogeneity and might raise more
difficuities in methodologic issues beyond those already existed in meta-analysis including
only individually randomization trials. The conventional approaches might be inappropriately
used for estimating overall treatment effects from these trial results. However this issue was
not considered properly in any meta-analysis reviewed and might lead to inappropriate use of
the synthesis procedures. This difficulty would possibly produce imprecise result of the
overall treatment effect.

Invalid results obtained from cluster randomization trials, which were the results
without adjusting for clustering effect, were crucial and lead to a difficulty in estimating the
effects in the meta-analysis including the trial results, especially when the trials did not report
clustering effect information.

The figure of 56.8 per cent (42/74) of the cluster randomization trial results that
adjusted for clustering effect was found in this review. It was interesting that the results
reflected the persisting figure on analysis of cluster randomization trials, compared to the
reviews by Donner A, et al. in 1990 on cluster randomized non-therapeutic intervention trials
from 1979-1989(41), and later by Simpson JM, et al. in 1995 on cluster randomized primary
prevention trials from 1990-1993 (32). They found that 50.0 per cent (8/16) and 57.1 per cent
(12/21) respectively, took account of clustering effect in the analyses. One reason might be
that the cluster randomization trials reviewed in this study were performed around the same
period as those of the previous reviews. In addition, three cluster randomization trials(34, 47,
57) in the previous reviews were included in this study.

Recently, some authors(58-60) have proposed to report design effects and intra cluster
cotrelation when publishing cluster randomization trials. Thus, hopefully, the difficulty
situation as mentioned above would be corrected in the near future.

There were 52 per cent (13/25) of the meta-analyses used inappropriate methods that
ignored clustering effect to combine invalid results of cluster randomization trials. Here, we
could speculate about the reasons. First, as 9 out of 13 meta-analyses were obtained from the
Cochrane library. The Cochrane collaboration lacked the appropriate software to analyse the
cluster randomization trial results during the study period. Some authors were aware of this
constraint and warned readers that the confidence intervals provided might be too narrow.
Second, there was generally neither guideline nor proposal methods to combine cluster
randomization trial results. Finally, some meta-analysts might not know that variation of the
estimated outcome obtained from the cluster randomization trials differed from that of the
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individually randomization trials and that would have an impact on the combined resuits.
However, recently some approaches involving binary outcome variable have been proposed
by Donner et al(55, 56).

The results show three meta-analyses(1, 45, 53) involving binary endpoints attempted
to take clustering effect into account in the analysis. They were done to solve the problem of
invalid results. The invalid results were due to not adjust for clustering effect in the analysis
at individual level. The synthesis attempted to esttmate the clustering effects, some from
internal available clustering effect information and some from external clustering effects.
Some unclear issues were still found. First, no rationale for the methods used to estimate
clustering effects was seen. Second, some cluster randomization trials providing results with
appropriate analysis seemed to be forced to adjust for clustering effect. Third, complex
situations, different randomized designs, heterogeneity in units of randomization and
variation of the randomization units, and different levels of units of analysis among the
cluster randomization trials included were found but not taken into account in the three meta-
analyses.

Some limitations of the review are considered. One meta-analysis (54) satisfied
inclusion criteria was not reviewed because we could not retrieved it from the searched
electronic database. It is, however, mentioned in Donner at al.(55) that the Rao and Scott’s
method was used in the meta-analysis. The method is not different from what we found in the
review. In addition, four incorrect references of cluster randomization trials could not be
accessed. With these limitations we believe the finding of this review could reflect the recent
practice of meta-analyses involving cluster randomization.

From the difficulties found in the reviewed meta-analysis involving cluster
randomization trials, some suggestions are introduced. The first suggestion focuses on some
specific issues in reporting cluster randomization trials that relate to the information needed
in meta-analysis. Number of clusters assigned to each treatment group is required in the
report. This is because when the trial has only one cluster for each treatment arm, variation
between clusters, even exists, is confounded by the treatment effect and cannot be measured
from the trial(60). Consequently, including this trial in a meta-analysis, there is a need to
adjust for clustering effect from similar available source. Unit of analysis must be clearly
stated whether at cluster or individual level. If analysis is performed at individual level, the
degree of clustering effects for each treatment group that is adjusted for in the analysis must
be reported. This information is benefit not only to the meta-analysis where the trial is
included, but also to any future plan for performing a cluster randomization trial in related
field. There, however, have been more complete suggestion for reporting the trials provided
by Donner and Klar (61), and Elbourne and Campbell (59).

The second suggestion focuses on the synthesis approach. If the number of cluster
randomization trials included is relatively small and diverse in randomized designs and units,
it might be reasonable to do qualitative synthesis, ie. explaining individual cluster
randomization trials separately as was done in some reviewed meta-analyses (42, 62-66).
Alternatively, if number of the trials is large, subgroup analyses, which are meta-analyses on
subgroups of the studies, might be sensible when the categories of interest factors are quite
small, like three types of randomized designs: completely randomized, matched pair and
stratified randomized. Some approaches involving binary outcome vanable have been
proposed by Donner et al (55, 56). They are recommended to be used for the included trials
involve a completely randomized design. Advantages and disadvantages of each approach are
also provided. In addition, recommendations of application of the approaches to combine:
results from different designs under limitation issues have also been discussed in the
literature (55).
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In conclusion, attempts to work on some difficulties due to involving cluster
randomization trials in meta-analysis were seen. Some suggestions on the methods for meta-
analyses of cluster randomization trials measured in a binary outcome have been proposed
(55, 56). The problem of heterogeneity results, from complex situations on various
randomized designs and units, different eligibility criteria at cluster and individual level, and
unit of analysis that might be beyond the heterogeneity results obtained from individually
randomization trials, have been found and still needed further methodologic investigation.
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Table 3.2 Numbers of individually and cluster randomization trials included for

individual meta-analyses reviewed

Meta-analysis | Type of Intervention Number of trials included
reference individually randomization cluster randomization

{67) Health Care 1 (ay
62) Health Care 1 it
(68) Health Care 6 ?
(69 Health Care 6 . N
(43) Screening 7 1!
(44) Health Care 13 1?
(63) Health Care 14 1
an Health Care 16 1
[td)) Health Care 2% 1*
{64) Educational 39 1’
(45) Screening 6 S
{42) Educational 2 3
(72) Educational 13 v
{65) Edycational 34 i
(73) Educational 38 3haaedl
{14 Health Care 10 4=
(15 Educational 15 L
(76) Health Care 23 432
N Health Care - i
[eXM Health Care - se-»
(18) Health Care 13 s
{(66) Educational 2 gl
(79) Health Carc 3. PO yee
(m Health Care - _ S
{80) Health Care 1 - 17 #5256 300

Total 297 89 (5)

Numbers in the parentheses were papers on cluster randomization trials, for whick original papers cannot be retrieved.
Superscrift is number of references, presented in Appendix

* Paper iz in Russian, its detail was extracted from the meta-analysis

b Missing papers as incorrectly referenced
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randomization design and analysis level, and combining method of meta-analysis

. Meta-analysis No. CRT® Randornization Analysis Jevel Combining
reference included design method
{36) 1 1C 11U T
33) 1 1C 1TU T
(5) 1 18 1IA T
(32) 1 Iu 1U T
“4) 1 I8 11IA T*
(35) 1 1S 1C T
a7 3 ic, IM1U 210,10 T
(38) 3 1§,1U 1IA 2 U T
39 4 1C,3 M 2C. 210 T
(40) 4 1C,. 1M, 2U 1C,1IA LIU, 11U T
(41) 4 2C, 18, 1U 11A,31U T
(16) 5 4C 1M 1C31A 11U T
{43) 5 3CLIM LS 2IA,31U0 T
(44) 6 1C,2M, 38 1C, 51U T
{45) 14 4C,6M 485 9C, 51U T
(26) 1 1M 1C D*
27 1 1C 1C D*
(28) 3 18 1IA D*
3) 3 2C, 1M 3 1A D#
29 3 icC 2C, 11A D+
30) 6 5C, 1M 1C,21A,3U D*
6) -2 1M 18 1IA,11U A
(42) 5 4C, 1M 2C,21IA 11U A
{10) 8 6C, 1M, 1U 1C,31A, 410 A
(34) 1 1M 1C 1]
Total 85
izati Combining method

C completely randomized A wecount for clustering effect

M matched-pair D describe CRT results separately

8 stratified randomized T treated CRT resuits as if of IRT and use fixed offect madels

u unclear method

Analysis jevel
cluster . Reasonable method
individual adjusted for clustering effoct @ Cluster randomized trial

C
1A
11 individual unadjusted for clustering effect
U unclesr
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Design of randomization and analyses level of the individual included CRT® of the 3

meta-analyses managing clustering effect in the combtnation

A Meta-analysis on mamographic screening trials (45)

Number of CRTs® reviewed

Management of clustering effect in
the combination

Randomized design Analyses level
Stratified 1 Adjusted at individual Proposed method of Mantel-Haenszel by
level | Rao & Scott ° for clustered binary data is
Matched-pair 1 Unadjusted at individual used in a sensitivity analysis to examine
level the clustering effect of the fwo including
CRTs®
Total 2

Total

B. Meta-analysis on vitamin A supplementation (1)

Number of CRTs® reviewed

Management of clustering effect in
the combination

Randomized design Analysis level
Completely 6 | Adjusted at individual level Dersimonian&Laird method'' adjusted
randomized for clustering effect by increasing
Unadjusted at individual level variance of each pooled log-odds ratio
Matched-pair 1 with a fixed estimate of 30 %.
Cluster level The estimate is determined from some
Unclear 1 included CRTs® which provided
sufficient clustering effect.
Total 8 Total

C. Meta-analysis on vitamin A supplementation (53)

Management of clustering effect in
the combination

Number of CRTs® reviewed
Randomized design Analysis level
Completely 4 | Adjusted at individual level
randomized
Unadjusted at individual level
Matched-pair 1
Cluster level
Total 3 Total

Mantel-Haensze! method adjusted for
clustering effect for each pooled result
differently.

The adjustett effects are estimated from
the external CRT*® study done in a similar
topic to the including CRTs®

@ Cluster randomization trial
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Topic 4: Examples of published meta analyses involving cluster randomized trials in
binary outcome

Three published meta analyses involving cluster randomized trials in different situations are
used as examples in this study. The first is a meta analysis to evaluate the effect of vitamin A
supplementation on child mortality (1). All eight trials included are cluster randomized trials.
The second meta analysis investigates the effect of mammographic screening on breast
cancer mortality in women under 50 years(2, 81). It includes eight trials. Five of the trials
included are cluster randomized trials. The third meta analysis examines effects of multiple
risk factor interventions on primary intervention of coronary heart disease(3). This meta-
analysis includes fourteen trials. Five of the trials randomly allocate treatments to groups or
clusters of subjects.

4.1 Meta-analysis of vitamin A supplementation trials

This meta-analysis(1) includes eight community-based trials. They were performed in
developing countries to examine the relationship of vitamin A supplementation and mortality
in children aged 6 to 72 months, which is in a wide age range. None of the trials assigned
individual children to treatment groups. The units of treatment allocation vary between trials
The treatments are vitamin A supplementation and control group. The control groups also
vary from trial to trial. Detail of treatments for individual trials are presented in the original
meta-analysis(1). Here, some design characteristics and summary statistics of the outcome
are shown in table 4.1. Five of the eight trials provide mean follow- up periods of the children
for 12 months. One trial observed the children for a mean period of 42 months. Each trial has
similar sample sizes for each treatment group. The trial sizes of children studied ranged from
3,428 to 28,740 with a mean of 12,399

Child mortality is the outcome in each trial. Details like number of child deaths and
children assigned to each treatment group of individual trials are also presented in table 4.1.
The observed odds ratio range from 0.20 to 1.04. The meta-analysis reports DerSimonian and
Laird pooled overall odds ratio of 0.70 (95 per cent CI 0.58 to 0.85).

Data available for reanalysing this meta-analysis are the number of child deaths, total
number of children assigned and the mean foliow-up period in months for each trial. Since
the trials have different mean follow-up periods, reanalysis in the next four chapters is
performed using relative risk adjusted for mean follow-up period. Details of the calculation is
described in topic 5. The same procedure is done for the next two examples.

4.2  Meta-analysis of mammographic screening trials
The meta-analysis(2) is performed to evaluate the effect of mammographic screening on
reduction of breast cancer mortality in women aged less than 50 years.

The meta analysis includes 8 identified trials perfomed on women from various
western countries. The treatments are mammographic screening and a control group. Four of
the trials included randomly assigned treatments to clusters of women. The clusters consist of
various types such as area, practice, birth date and birth year. The remaining four trials had
randomly assigned treatments to individual women. One trial presents 18 per cent of the
subjects as cluster randomized by birth date, and the other 82 per cent as individually
assigned to receive treatments. Because individual randomization occurred in most of the
women studied, the trial is classified here as an individully randomized trial. The trials are
also different in other design characteristics, like the population studied, contamination rates
(unlikely up to 51%), and mean follow-up periods. The mean follow-up periods range from
10 to 18 years. This information is extracted from another paper (81) that included the same
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eight trials. In addition, radiation dose per breast and blinding process are different among
tnials. Some design characteristics are presented in table 4.2.

The primary outcome is breast cancer mortality. Details of number of breast cancer
deaths and total number of women in each treatment group are also shown in the table. Two
trials, trial 4 and 6, show high imbalance of women studied for each treatment group. The
trial sizes range from 25,941 to 89,835 with a2 mean of 57,044. The observed relative risks
range from 0.55 to 1.08.

The meta-analysis reports two fixed effect pooled relative risk estimates. The first is
1.04 (95 per cent CI 0.84 to 1.27) for the two trials, trial 2 and 3, with adequate
randomization methods and baseline comparability. The second pooled relative risk is 0.75
(95 per cent CI 0.67 to 0.83) for the other six trials that had not been adequately randomized
and had more favorable outcomes for screening than those two trials. Their results were
homogeneous (p=0.23 for test of heterogeneity). This estimate is significantly different from
that for the two adequately randomized trials (z=2.60, p=0.005).

Data available for reanalysing this meta-analysis are the estimated relative risk that
are recalculated with adjustment for mean follow-up periods in years, and treatment
allocation, called randomization design in this thesis.

4.3  Meta-analysis of multiple risk factor interventions trials

The meta analysis (3) was done to assess the effectiveness of multiple nsk factor
interventions to reduce cardiovascular risk factors from coronary heart disease. Study
subjects are adults aged at least 40 years and having no clinical evidence of established
cardiovascular disease.

A total of 18 trials are included, of which thirteen randomly assigned interventions to
individual subjects. The other five trials assigned interventions to different groups of
individuals, such as families, households, worksites and factories. The interventions included
counselling or educational approaches with or without pharmacological interventions aimed
to reduce more than one cardiovascular risk factor.

QOutcome measures were total mortality, coronary heart disease(CHD)} mortality, net
change in blood pressure, smoking and total blood cholesterol. Some measures were not
available in some trials. Hence, various number of trials could be analysed for individual
outcome measures. In this thesis reanalysis is performed only for smoking prevalence as it is
the outcome that could be analysed from the biggest number of trials, which is 14 trials.
Details of some trial designs and the results of individual trials are presented in table 4.3.

Duration of the interventions vary between trials and range from 1 to 11.5 years. One
trial, trial 4, shows a very remarkable imbalanced number of subjects between intervention
and control group; 16,908 for intervention and 1,902 for the control. The trial sizes range
from 335 to 18,810 with a mean of 3674. The observed odds ratio for individual trials range
from 0.57 to 1.12. The meta-analysis reports an overall odds reduction of 16 per cent (95 per
cent CI 3 to 27 per cents) using a random effects model.

The reanalysis of this meta-analysis is based on the recalculated relative risk adjusted
for duration of the interventions, to adjust for varing.
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Table 4.1* Design characteristics and summary statistics of outcome for individual trials
Trial Location Treatment unit, | Follow up No.deaths Odds Ratio
Published years No. Period, Total (95per cent CI)
{months} | Vitamin A Control

1 Aceh, Indonesia Village, 450 12 101 130 0.73
1986 12,991 12209 | {0.56 10 0.95)

2 Java, Indonesia Area, 2 12 186 250 0.69
1988 5,775 5,445 (0.57 to 0.84)

3 Hyderabad, India Village, 84 12 39 41 1.0
1990 7,691 8,084 (0.64 to 1.55)

4 Tami! Nadu, India | Cluster, 206 12 37 80 0.45
1990 7,764 7.655 {0.31 t0 0.67)

5 Bombay, India Shum, 2 42 7 32 0.20
1991 1,784 1,644 (0.09 10 0.45)

6 Jumla, Nepal District, 16 5 138 167 0.73
1991 3,786 3411 {0.58 10 0.93)

7 Sarlahi, Nepal, Ward, 261 12 is2 210 0.70
1991 14 487 14,143 {0.57 10 0.87)

8 Northern, Sudan Household, 18 123 117 1.04
1992 16,789 14 446 14,294 {0.8% to 1.34)

* data is modified from table 4 in Fawzi, 1993(1)

Table 4.2* Design characteristics and summary statistics of outcome for individual trials
Trial Location Treatment Follow up No.death Relative nisk
Published allocation Period, Total (95 per cent CI
years (vears) Screen Caontrol

1 New York Age-matched mandom 18,0 153 196 0.79

1988 30,131 30,565 (0.64 to 0.98)
2 Malmo Cluster by birth date 10.0 63 66 0.96

1988 21,088 21,195 (0.68 to 1.35)
3 Canadian | Individual 10.5 120 111 1.08

1997 44,925 44,910 (0.84 to 1.40)
4 Cluster by area 13.0 126 104 0.58

1995 38,589 18,582 (04516 0.76) -
5 Ostergotland | Cluster by area 13.0 135 173 0.76

1995 38,491 37,403 (0.61 t00.95)
6 Stockholm Cluster by birth date 11.4 66 45 0.73

1997 49,318 19,943 {0.50 to 1.06)
7 Goteborg 18%cluster by birth date 10.0 18 40 0.55

1997 82% individual 11,724 14,217 {0.31 10 0.95)
8 | Edinburgh Cluster by practice 14.0 156 167 0.87

1999 22,926 21,342 (0.70 10 1.08)

* data is modified from table 2 of Gotzsche, et al in 2000¢2) and from table 2 of Ringash in 2001(81)
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Table 4.3* Design characteristics and summary statistics of outcome for individual trials
No. Trial, Treatment Interven- Smoking prevalence (Odds Ratio
Published years unit tion period Total (95 per cent CI)
(years) [ Intervention | Control
1 MRFIT Study, Individual 6.0 1,847 2,554 0.57
1982 men 5,754 5,638 (0.53 to 0.62)
2 Gothenberg | Individual 11.8 691 699 0.89
Study, 1986 men 1,473 1,404 (0.77t0 1.03)
3 Oslo Study, Individuals 5.0 428 496 0.65
1986 604 628 {0.50100.84
4 w H O | Factories 6.0 7,910 897 .93
Factories, 1989 16,908 1,902 (0.90 to 1.08)
5 Abingdon, Individual 1.0 46 42 1.12
1990 adults 168 167 {0.69 101.82)
6 Tromso men, Ingividual 6.0 247 284 0.79
1991 men 525 535 0.62 to 1.00
7 Tromso wives, Individual 6.0 186 178 0.93
1991 | women 422 387 (0.70t0 1.22)
8 Family Heart Families 1.0 337 500 0.79
-men, 1994 1,767 2,174 (0.68 10 0.92)
b Family Heart Households 1.0 215 301 0.79
-women, 1994 1,217 1,402 {0.65 10 0.95)
10 O X CHE C K | Houscholds 3.0 544 506 0.91
Study,1994 2,205 1,216 (0.79 10 1.05)
11 | Swedish RIS, Individual 3.0 55 70 0.74
1994 men 253 255 (0.49 to 1.10)
12 | CELL Study, Individual 1.0 139 148 0.99
1995 adults 292 310 (0.72to 1.37)
13 Finnish men, Volunteer 5.0 125 131 0.95
1995 men 575 580 {0.72 10 1.26)
14 Take heart, Worksites 1.5 190 166 1.00
1995 1,057 920 {0.7910 1.25)

* data is modified from the table of outcome: Smoking prevalence of Ebrahim et al. in 2001 3)
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Topic 5: Meta-analysis: some essential issues in quantitative synthesis and simple
conventional approaches

5.1 Introduction

Meta-analysis is well accepted as an essential tool used to evaluate health care. One of the
main aims of meta-analysis is to produce a more accurate estimate of the treatment effect of
interest than the estimate obtained by possibly using a single trial. As different trials are
conducted using different populations, different designs and a2 whole range of other trial-
specific factors, it has been suggested that pooling them would yield an estimate that has
wider generalizability than any single trial. In addition, by performing a meta-analysis, it may
be possible to explain the differences between results from individual trials (82).

Once meta-analysts have finished with their critical appraisal of the primary trials,
they will be involved in the statistical analysis. This topic provides some essential elements
of the analysis and also describes the estimation of simple conventiona! approaches. Section
5.2 discusses the quantification of treatment effects required from individual trials and
scaling of the treatment effects. Section 5.3 presents a discussion on heterogeneity. Section
5.4 discusses publication bias. Section 5.5 discusses modelling of variation and simple
conventional approaches of the models. It also discusses some extension methods used to
overcome the problem of a constant variance to measure heterogeneity between trials.

8.2 Quantitative requirement and scaling of treatment effects

To obtain a numerical conclusion from & meta-analysis, the same measurement scale of
observed treatment effects with their variances from individual trials is needed. However, it is
hardly possible to obtain such information from published trials(15). The trials may present
their treatment effect in different ways. An example is found in the meta analysis of 6 studies
performed to investigate the effect of screening for diseases on the levels of psychological
morbidity (Chapter2;pp29-63 in(17)). The level of long-term anxiety is considered as the
outcome measure of the screening programmes. The difference of mean change between
treatment and control groups is the observed treatment effect. However, the meta analysis
presents only 2 studies measuring the treatment effects on this scale. The other 4 studies
present means of each treatment group at baseline and after a follow-up period. In addition,
some information, such as the variance, may not be available. Other information available,
like p value, may be used to obtain the missing information. However, the original authors of
the trials are usually requested to provide the necessary information(15).

In medical research, effect of treatment is often measured in binary outcomes, such as
dead/alive and response/non-response. Risk difference (often called absolute risk reduction),
relative risk (risk ratio) and odds ratio are common measures of such effect. The risk
difference is more common in clinical trials. This measure is easily understood and
interpreted. It is also usually used to estimate sample size. Nevertheless, the risk difference is
not a common one in meta-analysis. A discussion on this issue is presented in the following
paragraph.

It is still a debatable issue as to which measures should be used in meta-analyses(10).
Even any measure can be used, the absolute risk is likely to yield severe heterogeneity of
treatment effects across trials(10, 15). This is because the absolute risk is based on the
underlying risk of the study subjects of individual trials(11, 15). Relative measure is more
common in meta-analysis. However, between the two relative measures of odds and risk
ratios, the odds ratio is more common than the risk ratio or relative risk. This is because the
odds ratio is the measure of most statistical methods available in meta-analyses(15).
Eventually, some literature showing that both odds ratio and relative risk are equally likely to
present less heterogeneity of treatment effects across trials(10).
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The treatment effect is frequently measured as a continuous outcome in medical
research. Examples are the change of blood pressure in hypertension patients and body mass
index in malnourished children. Mean difference is a common measure for continuous
outcome. However, there may be different trials that measure effect of the same treament but
in a different scale. For example, some trials may measure birth weight in units of pound
while others may measure it in units of gram. Standardized difference, sometimes called
effect size, is always suggested for comparing such trials in meta-analysis. The standardized
difference is calculated from a ratio of means difference to its standard deviation.

This study involves examples of three published meta-analyses of trials that measure
treatment effect in binary outcome with different follow-up periods as presented in Topic 4.
Although the relative risk is used as a measure of treatment effect, the natural logarithm
tranformation of relative risk is used for the purpose of combining via meta-analysis(11). A
formal description of the calculations of a relative risk, log-relative risk and variance of log-
relative risk from data of individual trials are presented in table 5.1.

Table 5.1 Summary statistics of I individual trials for two treatments comparison in binary
outcome with different mean follow-up periods in a meta-analysis
Trial Mean Groups Frequencies of Total Event rate Relati Log-RR Var{Log
evernt # R 8) -RR]
follaw-up ve risk Var(6)
g o (RR)
1 T Treatment Ay M, Pi= A MTy | B/Q Log (P/Q; ) 1.1
A, By
B, N, Q=B Ny
2 T Treatment A My Pr=A M Ty | P2fQ Log(f/Q;) | L. +,Bl_
. A; B
Conteo! & N | QBT
1 T Treatment A M P=AMT | R/Q Log(R/Q) | 1 1
Ay B
Control
° B, N | QBT

* in any units of time, ¢.g. years, months, etc. # e.g number of children deaths, etc.

5.3  Heterogeneity issue and testing

Different studies are likely to yield different treatment effects even when they address similar
scientific questions. In meta-analysis, difference of treatment effects across trials beyond
chance alone (sampling error), usually called ‘heferogenmeity’, is a very important issue.
Information of size of heterogeneity not only leads to a choice of pooling methods but also
affects the conclusion of meta-analysis.

The heterogeneity of treatment effects across trials may be due to some biases in the
difference in trial designs, treatment procedures and subject characteristics between trials,
and unobserved random effects (83, 84). When difference of treatment effects across trials is
due to chance alone, sampling error or within trial variation is solely the variation allowed in
the synthesis method. This is well known as the fixed effect model described in section 5.5.
When heterogeneity is detected, identification of sources of the heterogeneity is needed.
Potential characteristics of subject and trial levels are one possible source of systematic error
that must be considered. Another possibility is to consider the random effects of between
trials. This potential variability needs to be taken into account in the synthesis methods.
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The challenge is how to investigate and quantify heterogeneity. A test for
heterogeneity in form of the Q statistic is a common statistical tool used to investigate the
evidence of heterogeneity results across trials. The Q statistic is valid for both binary and
continuous outcome. To perform the test, a null hypothesis of homogeneity results across
trials is set, which is

H, :6, =8 forall i where 6, is the true treatment effect of trial i and @ is a common
true treatment effect,

or H, : t = 0 where t%is the variance of random effects between trials.

It versus an alternative hypothesis that there is at least one ; different, or H, : 1 > 0.
Under H,, for a large sample sizes,

I A A
=1

It has an approximatey?, distribution where® is a weighted average of estimated overall

A I A 1 !
treatment effect, 6= w,6, / > w,, andw;is the weight given to trial i. Here, w; is the
b1 E1
2

inverse variance of the observed treatment effect, i.e. w, =[1/ ;| 1.

The H, would be rejected when the Q statistic exceeds the upper-tail critical value of
%}, distribution. It means that the variance of the treatment effects between trials is
significantly greater than what would be expected by sampling error when all trials estimate
the same underlying treatment effect. Hence, we can conclude that there is evidence of
heterogeneity(13, 85). This conclusion leads to the choice of random effects model in the
synthesis. Alternatively, the choice of fixed effects model is introduced in the synthesis if no
further evidence to support heterogeneity is found. Application of this test is illustrated in
section 5.6.

This test is, however, appropriate when a fixed number of trials with large trial sizes
are available. Some limitations of the Q statistics have been pointed out {6, 7, 15, 84, 86-89).
A main concemn is that power of the test can be low, especially in the case of sparse data or
when one trial has much more precise estimate effect than the rest (90).

Fleiss(11) suggests using an arbitrary significant level at 10 per cent rather than 5 per
cent in the test for heterogeneity by Q statistic, because it would allow higher probability to
detect significant heterogeneity. Some authors (85, 90) recommend the use of random effects
model routinely to evaluate sensitivity of the fixed effect model. If the results of overall
treatment effect from the two methods are likely to be similar, and the variance of random

effects between trals is close to zero (x* = 0), the conclusion of fixed effect approaches

would be accepted.
Hardy and Thompson (89) suggest using likelihood ratio statistic based on the
marginal likelthood of each trial to test for the null hypothesis of homogeneous treatment

effects across trials (H, : 1 = 0). The likelihood ratio statistic (LRT) is expressed as(89)

A2
- 2{L(0) - LL(x )}
where L1.(0) is the log-likelihood for 1% = 0 under null hypothesis of

homogeneity, and
2

LL(; ) is the maximum log-likelihood for 12 20.
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Since H, : ©? = 0 is part of the boundary of H, : t* > 0, the asymptotic distribution of the
likelihood ratio test under H,is no longer chi-square at 1 degree of freedom. In this case, it is

shown (91) that the square root of LRT can be compared to a one-tailed standard normal
distribution. This implied that the p value for the likelihood ratio test can be obtained from '4
of the probability of LRT on the chi-square distribution with 1 degree of freedom.

Application of this test will be presented in the next topic. Also, the results obtained
from the regression models in relation to the results obtained from the Q statistic will be
discussed. Some other tests have been suggested but they are all appropriate only to the odds
ratio (90).

5.4 Publication bias

Meta-analysis relies heavily on the published literature. However, the studies included in the
literature may not represent all relevant studies conducted on the topic of interest. There is
empirical evidence (92) that statistical significance is an important key issue of publication.
Studies with non-significant results may not be submitted by investigators for publication,
and editors may not publish studies with non-significant results even if they were submitted
(93). Therefore, studies with statistical significant or interesting results are potentially more
likely to appear in the published literature. This is the cause of publication bias.

The evidence of publication bias is well demonstrated. When meta-analysis includes
only the published literature, this can potentially lead to biased over-optimistic conclusions
(94). These biased conclusions may have a further impact on health policy, clinical decision
and outcome of patient management. However, there is little empirical evidence on the latter
issue(94).

Attempts have been made to alleviate the problem of publication bias, such as by
encouraging publication of previously unpublished trials(95), and the establishment of
registries for the prospective registration trials (96). This issue is currently a big concern
among meta-analysts (82). Searching for relevant unpublished trials is the other attempt to
improve publication bias. However, it may be difficult to identify such trials. Therefore,
many authors (85, 97-99) encourage routine assessment publication bias based on available
data in the meta-analysis.

The funnel plot, proposed by Light and Pillemer in 1984 (100), is perhaps the most
common method used to informally identify the existence of publication bias in meta-
analysis(85, 101). To construct a funnel plot, each trial-specific effect is plotted against a
measure of its precision. Precision may be defined differently according to the inverse of
standard error of the estimate effect or the trial sizes. An interpretation of the funnel plot is
given(100, 102) that if there is no publication bias, the plots are symmetrically distributed
around the overall effect in the shape of an inverted funnel. Altematively, the plots will
become asymmetrical and the overall effect of the meta-analysis will be biased. However,
there are some disputes concerning the asymmetry of the funne! plot. It is argued that this
may be due to other factors such as real heterogeneity(103) and heterogeneity in treatment
effect between low and high risk groups(104). Furthermore Tang, et al(103) show that shapes
of the funne! plots are different according to different definition of precision. So, because of
this evidence, care should be taken when interpreting asymmetrical funnel plots.

Some comparative methods of testing for bias have been proposed to detect
publication bias. They are based on symmetry assumptions as a funnel plot assessment. The
first method is the rank correlation method using Kendall's tau to evaluate the association
between the effect and variance of the treatment effect(105). The second is the simple linear
regression of the standardized estimate of treatment effect on the precision of the estimate
(102). The third is the regression of the treatment effect on sample size(99).
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There is no standard method on further process after assessing publication bias.
However, some methods to investigate impact of publication bias on the estimate of overall
treatment effect have been developed and proposed (95, 101, 106). Most of the methods,
however, are still complex and difficult to implement(82). They are, therefore, not widely
used. Nevertheless, these methods are beneficial tools to be used for sensitivity analysis.

5.5  Modelling of variation and simple conventional approaches

It is generally believed that treatment effects of different trials will be considered to
differentiate with some level(85). The difference of treatment effects between trials is
introduced in the synthesis process as quantity of variation. The variation is considered as
fixed effect and random effects models.

The fixed effect model is assumed that each trial estimates the same underlying true
treatment effect (9, 11, 85, 107). Here there is no consideration in variation between trials.
Sampling error alone is considered to be the variation of treatment effect. Conversely, the
random effects model assumes each trial to have its own underlying true treatment effect. But
there is a distribution of all these underlying effects around a central valve. Thus the overall
variation is beyond the sampling error as it further accounts for the variation between trials.
These two models lead to different pooling approaches.

To understand the concept of fixed effect and random effects models easily, this issue is
discussed in conjunction with the simple conventional approaches. For the simple
conventional approaches, inverse variance weighted average is the common method used for
a large number of trals. The inverse variance weighted average produces an estimate of
overall treatment effect from a weighted average of observed treatment effects across trials
when each weight is given to each trial. The weight is usually obtained from an inverse
variance of that trial The approaches under fixed effect and random effects models are
described as follows.

5.5.1 Fixed effect model
Assuming that there is a collection of I tnals, i = 1, ..., 1, each trial with a treatment group
and a control group. Further let,

8, = atrue treatment effect for trial i,

A
8; = an observed treatment effect for trial i,

The 8y, for example, can be the observed log-odds ratic or log-relative risk in a trial with
binary outcome or the observed means difference in a trial with continuous outcome.

Under the fixed effect model, it is assumed that each observed treatment effect 6, is an
estimate of unknown parameter 6;, when 6,=0 for all i. This means all individual trials

estimate the same true treatment effect. This is often called an ‘assumption of homogeneity’.
For individual large trials, a model is then specified by

el = 9 + £| (5.2)
The g; represents a random deviation of each observed treatment effect 6, from the true

treatment effect 0, and is assumed independent with mean zero and variance of.

The observed treatment effects é.s, then, are asymptotically normally distributed and
approximately unbiased (13), with a mean @ and variance of.
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In practice ofis not known but it is generally estimated from each specific trial i. The of is
2
N
often called within trial variance. In consequence, the estimated variance o, is then used to
estimate both the true overall treatment effect and its associated variance.
An estimated weighted average of overall treatment effect is then estimated by means
of the least squares method and expressed as

A I A~ &a ] A
9=ZW|9,/ZW| (5.3)
1 i1
N A f\z
where w,is the weight given to trial i. and w,=[1/ac ].
1

Consequently, 6 is further has a mean 0 and variance, var(d) =1/ ZWI , assuming an
i=1

asymptotic normal distribution for 6. It allows calculating 100(1-a ) per cent confidence
interval for@ . It is in the range of
- I A
etz 173 wy)H/? 54
(1—925)( /E ) CRY
where 2

o

2

The weighted average log-relative risk and the confidence interval are usually
transformed back to be the relative risk by taking exponential log-relative risk.

Some other methods have been proposed to combine odds ratios in meta-analysis.
They are the Mantel-Haenszel method, the Peto method and the Maximum likelihood
estimator. Detail of the methods can be seen in many literature (11, 85, 108). These methods,
however, provide very similar results for relatively large sample sizes(15, 109). Although the
Peto method is a common one in the fixed effect model, it could produce serious
underestimates or overestimates of the odds ratio in some extreme situations (11, 15, 108),
e.g. in the trials with very unbalanced number of subjects between treatment groups.

As discussed in several literature(6, 7, 15, 17, 87-90), the fixed effect methods, which
have a strong assumption of homogeneous treatment effect between trials, may not be
appropriate in a real clinical practice. This is because it is mostly impossible to obtain an
identical treatment effect from different trials, even when the same protocol is performed
under different settings by different trained clinicians.

is the 100(1—% )Y® percentile value of the normal distribution.

5.5.2 Random effects model

A random effects model is the one where treatment effects between different trials are
different. This situation is usually named when there are heterogeneous treatment effects
across trials. A random effects model supposes that each observed treatment effect 0, has its
own distribution with a trial-specific mean 6, and variance o?. Moreover, each 6, is assumed

to obtain from some super-population of treatment effects with mean 6 and variance t>. This
provides the two levels of hierarchical model

6: =0, +¢, where var(e|8,) = of
and 6, =0+y;  where var(y,) = (5.5)
The u; indicates random deviation of each-specific mean 8, from the overall meano,
and is assumed fo be independent from ,. Thus © and t?represent the overall treatment
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effect and between-trial variation, respectively. The variance t?

measure of the heterogeneity between trials(87).
The random effects model allows for both within trial variation o? and between trial

is usually known as a

variation t? to estimate the overall treatment effect and its variance. Thus, marginally the
observed treatment effects are assumed normal with mean® and variance of +12.

Note that when T°= 0, the random effects model corresponds to the fixed effect modet.
The weighted average treatment effect is then calculated in the same manner as in the
fixed model. Here, the weight is allowed for an extra variation of between trials for each

wéight. The weight w, that minimise the variance of 8 is an inverse variance of each trial,
w1
[oF +7]

In practice t“is not known. The common approach to estimate “ is the moment

estimator given by DerSimonian and Leird(49). It is & non-iterative procedure and commonly
2

used in meta-analysis. The estimated variance of between tralst is then given by equating
Q statistic from (5.1) with its corresponding expected value, i.e.

A2 — —_—
v —maxjo,— =D (5.6)

A I A2 n
ZW[—(ZW: /iw;)
[ =1 1

where Wiis the estimated weight provided by the fixed effect model. The estimated variance

a2 at Al Al
of between trials t , then, gives the estimated weights w, = 1/ {(si + 1 ]. Thus, an estimate

of weighted average treatment effect under the random effects model is expressed as
A I A%a [f1 A°
OpL = ZW[ GI/ZWI 5.7
=1 El

A
The O is assumed approximate normal, with a mean 6 and variance

ie.

2 2

I A
D wi
[ury
Then, an approximate 100(1-a ) per cent confidence interval for the true treatment effect © is
within a range

Boctz , (13 Wi )2 (5:8)

o
-3 1

a

where z
( 2

is the 100(1-% Y* percentile value of the normal distribution.

The random effects approach allows for additional variation between trial 12 to
estimate overall treatment effect and gives a wider confidence interval for the overall
treatment effect as compared to the fixed effect approaches. This can be explained in the
following. As the weights given to individual trial in the random effect methods,
A- I\z I\z
wi =1/[o1 +1 ] are generally lower than the weights of the fixed effect methods,

2

vAw ={1 /:n ]. Consequently, the variance of estimated overall treatment effect 1/ ZLM in
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the random effects approach is definitely greater than that, ]/ Z; W, , in the fixed effect

approach.

However, there are some concerns over the approach of random effects model(87).
The first concern is that the validity of normality assumption of the random effects remains
questionable. The second is the difficulty in verifying normality assumption of random

effects for meta-analyses. Third, is the inclusion of random effects to the estimation, only the
2

single value of estimated variance between trials © is added into the weight. The model does
not take into account the uncertainty associated with the estimate of the variance . Thus,
the given confidence intervals for the overall treatment effect may remain insufficiently
conservative and still too narrow(89).

Two extension approaches have been proposed to overcome the problem of
imprecision of estimated variance between trials from a frequentist perspective. One
approach, proposed by Hardy and Thompson(89), uses the profile likelihood intervals method

to allow for asymmetric intervals and uncertainty in the estimate of t? for further estimation
of overall treatment effect. The approach also provides information on the confidence interval

of t2. Thus, the approach yields a wider confidence interval than the standard random
effects approaches. The approach is suggested to be used instead of the standard methods in

random effects meta-analysis when the value of =2 has a merit impact on the overall estimated
treatment effect. Details of the method are provided in the paper by Hardy and Thompson
(89).

Another approach is proposed by Biggerstaff and Tweedie (88). They also attempt to
take into account variation of the point estimate of t? of DerSimonian and Laird in
estimating the overall treatment effect. They propose a new method to calculate the weights
given to individual trials. One benefit of the new method is to obtain an approximate

distribution of DerSimonian and Laird :? from developing a simple form for the variance of

Q statistic. Another way is by obtaining the distribution of DerSimonian and Laird+* from
asymptotic likelihood methods. Details of the method are provided in the Biggerstaff and
Tweedie paper (88). This approach produces down-weighting of the results for large studies
and up-weighting of the results for small studies. The authors discuss that their method will
give different results from those of the standard random effects model when the number of
trials is fairly small (< 20 based on the results of Larholt, et al(110)).

5.5.3 Fixed effect model versus random effects model

Although the assumptions of fixed and random effects models are clearly different, in
practice it is still difficult to decide on an appropriate model for combining the trial results of
interest, especially when the homogeneity testing result is marginal. In fact, none of the two
epproaches is considered to be the perfect mode! for all meta-analyses, especially when small
number of trals are included in the meta-analyses.This is, however, common in meta-
analyses. Many comments and disputes on the selection of an appropriate model have been
discussed(85). Nevertheless, the random effects approaches always give a wider confidence
interval of the overall treatment effect than the fixed effect approaches when the between trial

variance is larger than zero{z?>0). Currently, several authors(7, 15, 90, 111) suggest to use

the random effects model routinely, since similar results to the fixed effect model will be

obtained when t2 =0. In addition, the results can be used to evaluate robustness of the
resuits obtained from fixed effect model.
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Topic 6: General linear mixed models (GLM)

6.1 Introduction

General linear mixed models (GLM) are the statistical approaches incorporating both fixed-
and random-effects terms allowing for heterogeneity between trials in the effect of treatment
of interest(109). The approaches are often called mixed effect models, as suggested by
Hedges in Chang et al (112). The GLM can be used to detect and explain heterogeneity in
meta-analyses. Treatment effect of individual trals, e.g. log-relative risk, is treated as a
response variable, which is related to potential factors, called covariates, from the same trials
and some random effects terms. In some situations, variability between trials within each
category of some categorical covariates need to be considered. Here, the GLM can be
extended to incoporate random components of individual categories of the covariates. This
extension is also illustrated in the application section.

The covariates may be some potential factors at trial level, such as trial designs,
treatment schedule, outcome measures, etc, and at subject level such as different gender
proportions, age of subjects and follow-up period. The data at subject level is usually in
aggregated form, e.g. subject mean age, mean follow-up period, etc. This is because most of
the data analysed in meta-analysis is extracted from completed trials unless individual subject
data on each trial could be gathered from the authors. However, the latter situation is rather
difficult to achieve and is hardly possible in most practices.

In this topic, section 6.2 discusses setting of GLM for meta-analyses related to cluster
randomized trials when the binary outcome is measured in log-relative risk. Section 6.3
describes the assumption of the model. Section 6.4 discusses the approach used to estimate
parameters of the model. Section 6.5 discusses the estimation of confidence intervals for
parameters of the model. Section 6.6 provides the application of GLM to the three published
meta-analyses. Finally, section 6.7 gives a summary of the application of GLM on the meta-
analyses.

6.2 The model

The simple two-level variance components model that allows for within-study variation at
level-one and between-study variation at level-two is used to pool the treatment effects from
individual trials. In the model, log-relative risk obtained from each trial i, 6;, is treated as a
continuous dependent variable. The randomization design is treated as a binary covariate X at
trial level. X equals 1 for cluster randomized design and equals 0 for individually randomized
design. Adding other potential covariates can extend the model. The model can be expressed
(113) as

G, =0+ lell +jizﬁjxlj + W + g (61)

where 0 is a fixed coefficient that represents an overall treatment effect and
Xi; is the randomization design covariate for trial i.
Xi2,..,Xip are the values of the j known potential covariates, j=2,...,p, for trial i.
By s---/Bp are the fixed coefficients indicating association between its related covariate

and outcome of treatment effect.
y; is an unobserved random effects term, which represents the deviation of trial i

specific-mean§; from the overall effect © adjusted for the effect of covariates,
fﬂ X .
2Py

g; is the random effects term that represents sampling error of trial i.
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6.3 Assumptions
In the parametric approach the random effects are usually assumed to be independent normal
distributions. For the simple GLM involving continuous response 8,, random effects in the

sampling errors g; i u al with mean zero and variance o .
lin ors g; is assumed normal with mean d 2

In the level-two model, the unobserved random effects y; is also assumed to be normally

distributed with mean zero and variance 2.

The level-one random error g; and level-two unobserved random effects u; are assumed

to be independent, consequently
COV(U;, g)=0

and E(Gi)=6+ iﬁjxu , Var‘(Gi)=0‘i2 +1:2.
§=1

To fit the model (6.1) to the data, 8,B,and the variances 0,2, 1% are estimated. In practice

A2
the estimated variance of log-relative risk o is available from individual trial i. It is usually

used as an estimate for of.

6.4  Parameter estimation

Under the assumption of multivariate normal distribution of random effects, the model
parameters are estimated by restricted maximum likelihood(REML). For computation
procedure, the restricted iterative generalized least squares (RIGLS) algorithm is used via the
MLwiN software{]114). Even when standard errors for variance estimates are provided, they
are based on asymptotic properties and may be unreliable except in very large samples. Thus,
it might be better to make inferences based on bootstrapped standard errors (115).

6.5  Confidence interval calculation
The parametric bootstrap estimation is used in this study. The estimation requires no
normality assumption for the estimate from which the confidence interval is calculated. Thus,

it is useful when the sample sizes are small, especially for the variancet®. Furthermore,
ranges obtained from the method are interpreted as approximate confidence interval for 6

and t? with relaxing the normality assumption strongly required in the likelihood method
(116).

The bootstrap confidence intervals for the true overall treatment effect 6 and the
variances t2are generated from 1000 replications using the MLwiN software(117). The 2.5
and 97.5 percentiles are used as a range of the 95 per cent confidence for the parameters. The

Jower limit of confidence interval for the variance 1> will always be zero when the 2.5
percentile of the bootstrap distribution is in the negative value, This is because a negative
variance cannot be interpreted.

6.6  Application to published meta-analyses

In this section, the applications of GLM to the meta-analyses related to cluster randomized
trials are illustrated in the three different examples. The analysis is implemented using the
MLwiN software.
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6.6.1 Meta-analysis of vitamin A supplementation trials
The observed log-relative risks of child mortality for individual trials are considered as a
continuous response variable. The model (6.1) is fitted with only the intercept representing an
overall treatment effect, and random effects components of level-one and level-two as

B, =8+ U +¢ (a)

Here, the main parameters of interest from the model are @ and 1%. They are
presented in table 6.1.

Table 6.1 Estimated parameters (95 per cent CI) for model (a)} on log scale
Model Estimated parameters
Fixed effect Random effect -2log-likelihood
A a2
0 T
Fixed effect -0.31 ' - 10.01
(-0.40, -0.22)
(a) -0.36 0.08 7.55
(-0.60, -0.15) (0.00, 0.15)

The GLM produces an estimated effect of vitamin A supplementation compared to
the control group as a log-relative risk of -0.36 (95 per cent CI -0.60 to -0.15). The figure
gives the significant protective effect of vitamin A supplementation. The estimated variance
of between trials is 0.08 (95 per cent CI 0.00 to 0.15). The likelihood ratio obtained from the
regression model can be used to test heterogeneity effect. The likelihood ratio statistic is
calculated from a difference between -2log-likelihood of fixed effect model, 10.01 and
model (a), 7.55. The square root of the ratio of 2,46 gives p = 0.058 on the asymptotic
distribution of the likelihood ratio statistic. This figure shows the marginal evidence of
heterogeneity of the treatment effect across trials.

The results show evidence of the beneficial effect of vitamin A supplementation to
reduce child mortality and non-significant variability of treatment effect between trials. Some
other factors affecting the log-relative risk may exist but these are not available for
investigation in the model such as various units of treatment allocation and different control
groups across trials.

6.6.2 Meta-analysis of mammographic screening trials
The meta analysis is performed to evaluate effect of mammographic screening on reduction
of breast cancer mortality in women aged less than 50 years. It includes eight identified trials
perfomed in many western countries. The primary outcome is breast cancer mortality. Log-
relative risks for individual trials are used as a continuous response variable. The steps of
fitting data to the model (6.1) are similar to those in the previous example. The model is
expressed as
9; =0+ U; + ¢ (b)
The design variable is then added to the model (b) as a fixed effect. The extended model
is shown as
Bi =0+ ﬂIDESign| +U +g (C)
The model (c) is extended to consider whether any difference in heterogeneity exists
between trials of each group according to the randomization design. This allows the effect of
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randomization design to vary between trials. Defining u, ~ N0, t2zr) and up ~ N(O, t&7)
as the independent random effects, the model is then written as
6, = 6 + B;Design; + uyDesign; +u;; (1 — Design,) +¢, (d)
Here t&qy represents the variance between trials of cluster randomized design group and
1 represents the variance between trials of individually randomized design group.
They are presented in table 6.2.

Table 6.2 Estimated parameters (95 per cent CI) for model (b) to (d) on log scale
Model Estimated parameters -2log-likelihood
Fixed effect Random effects
N ~ a2 Y] A2
6 By T T RT T ®T
(Design)
Fixed -0.22 - - - - -1.03
effect | (-0.32,-0.13)
®) -0.23 - 0.02 - - -2.60
(-0.40, -0.10 (0, 0.04)
(c) -0.17 -0.10 0.03 - - -2.91
(-0.45,0.10) | (-0.36,0.17) | (0, 0.05)
(d) -0.19 -0.08 - 0.02 0.06 -2.88
(-0.55,0.15) | (-0.44,0.27) (0, 0.03) | (0,0.10

The model (b) produces an estimated log- relative risk of -0.23(95 per cent CI -0.40 to -
0.10). The result shows the significant protective effect of mammographic screening,
compared to the control group. The estimated variance of random effects is found to be 0.02
(95 per cent CI 0.00 to 0.04). It reflects a slight heterogeneity between trials. The likelihood
ratio statistic is 1.57 (-1.03-(-2.60)) and its square root gives p = 0.11 on the asymptotic
distribution of the likelihood ratio statistic.

When the covariate of randomization design is added to the model as in (c), its effect on
log-relative risk is small and non-significant. In addition, the estimated variance of random
effects is about the same, which is as small as the variance of model (b). These figures may
explain the slight change in estimate of the adjusted overall log-relative risk if compared to
model (b). There is inconclusive benefit of the mammographic screening on breast cancer
mortality after the randomization design has been adjusted for.

When allowing for random effects to log-relative risk in the two randomization design
groups as in model (d), the estimated variance of between trials for individually randomized
design group is larger than that of the cluster randomized design group. However, both are in
small values. The result may reflect a more similar effect of mammographic screening effect
on breast cancer mortality in the group of cluster randomized trials. Here, the estimate of
adjusted effect of mammographic screening in model (d) is —0.19 (95 per cent CI —0.55 to
0.15). It does not differ from the results of model (c).
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The results show inconclusive evidence on the benefits of mammographic screening on
breast cancer mortality in women aged less than 50 years, after the randomization design is
adjusted.

6.6.3 Meta-analysis of multiple interventions trials
The original meta-analysis is done to assess the effectiveness of multiple risk factor
interventions to reduce cardiovascular risk factors from coronary heart disease. Study
subjects are adults aged at least 40 years and having no clinical evidence of established
cardiovascular disease.

Log-relative risks of smoking for individual trials are fitted to the GLM as a continuous
response. Sequences of fitting data to the model (6.1) follow the previous example. The
estimates and 95 per cent confidence intervals of the parameters are presented in table 6.3.

Table 6.3 Estimated parameters (95 per cent CI) for model (e) to (g) on log scale
Model Estimated parameters -2log-likelithood
Fixed effect Random effect
A ~ A2 Al a2
0 By T T CRT T ®T
(Design)
Fixed -0.15 - - - - 2538
effect | (-0.18, -0.12)
(e) -0.11 - 0.01
(-0.18, -0.04) (0, 0.02) - - -20.56
® -0.12 0.03 0.01 - - -20.68
(-0.21, -0.03) | (-0.10,0.15) | (0,0.02)
() -0.12 0.03 - 0.005 0.013 -21.56
(-0.20,-0.02) (-0.09,0.14) (0,0.01) (0,0.03)

Modei (e), which has no covariate, yields the estimated overall log-relative risk of -
0.11 (95 per cent CI -0.18 to -0.04). This figure shows the significant protective effect of
multiple interventions compared to the control. The estimated variance of treatment effect
between trials is 0.01(95 per cent CI 0.00 to 0.02), which gives light variability in the effect
of intervention from trial to trial. The likelihood ratio statistic is 45.97 (25.38-(-20.56)) and
its square root gives p = 6.00e-12 on the asymptotic distribution of the likelihood ratio-
statistic.

The effect of the randomization design in model (f) is very small, with a log-relative
risk of 0.03 (95 per cent CI -0.10 to 0.15). The estimate of adjusted overall log-relative risk of
multiple interventions is quite similar to the unadjusted results in model (e). The estimate of
adjusted variance of between trial log-relative risks is also similar to the unadjusted results in
model (e).

When two random components for the randomization design are incorporated as in
model (g), the adjusted effects of multiple interventions and randomization design remain
similar to the results in model (f). The estimate of adjusted variance of between trial log-
relative risk for the group of individual randomized design, 0.013 (95 per cent CI 0, 0.03), is
about two times larger than that for the group of cluster randomised design, 0.005 (95 per
cent CI 0.00, 0.01). However, these variances still remain very small.
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Table 6.3 shows that the models (e) to (g) provide quite similar log-likelihood results.
This information is relevant to the finding of similar estimated log-relative risk of treatment
effect and other covariates.

The results from this example show that adjustment of randomization design hardly
affects the overall intervention effect. The variability of treatment effect between trials is also
very small.

6.7 Summary

The GLM shows that putting the potential covariates and some random effects components to
the model easily provides investigation of heterogeneity between trials. More information is
also given to explain heterogeneity between trials due to covariates effects and variability of
random effects, compared to the simple conventional methods. Despite these advantages,
care should be taken when using the model, as it needs a strong assumption of normality
distribution of random effects components. It is also difficult to verify validity of the
assumption,
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Topic7: Generalized linear mixed model {(GLMM)

7.1 Introduction

Heterogeneity or variability in trial results is common in meta-analysis. Several researchers
(7, 109, 111, 118-121) have proposed GLMM to fit the meta-analysis data to investigate and
explain heterogeneity, Available potential factors at the trial and subject levels in the
reviewed papers and unobserved random effects are included to the models to explain
heterogeneity. The normality assumption of unobserved random effects is usually adopted to
estimate the model parameters. There are some concerns on the validity of such an
assumption. This may, therefore, lead to misleading conclusions from the model.

Nonparametric maximum likelihood estimator (NPML) is an alternative approach
proposed by some authors (119, 122-124)for approximate estimation in GLMM. The NPML
is estimated from discrete mixing distributions. Aitkin(122) and Dietz (118) have shown the
approach in some problems of the meta-analyses. This chapter discusses the GLMM with
NPML in particular emphasis on meta-analyses involving cluster randomized trials. The
performance of NPML is examined to solve the problems of heterogeneity of treatment effect
between trials.

In the previous topics, observed log-relative risk, which is a common summary
measure for a binary outcome in meta-analysis, is used as a response variable. Here, to
investigate more information of random treatment effects, observed number of events for
each treatment group of individual trials is used as a response variable and treatment groups
are treated as a covariate of a model.

Section 7.2 discusses the model setting for meta-analysis involving cluster
randomized trials with two treatment groups measured in binary outcome. Section 7.3
presents the NPML to estimate parameters of the models. Section 7.4 discusses classification
of trials to explain heterogeneity between trials. Section 7.5 iilustrates application of the
approach to the three meta-analyses published in the literature. Section 7.6 presents a
summary on the GLMM in the meta-analyses studied.

7.2  The model for meta-analysis involving CRT's
To fit the GLMM to meta-analysis involving cluster randomized trials with binary outcome,
the simple two-level variance components is used. The model allows for within-trial variation
at level-one and between-trial variation at level-two.

Here the observed number of eventsy,, in the treatment group t, t=1,2, with a sample
size n, from individual trials i, i=I,...I, is a response variable. The observed y, may have a
binomial distribution,

_ Y.~ Binomial(p, ,n,)
or poisson distribution, Y~ Poisson(p,)
where p, is the mean of individual events of treatment group t in trial i. The mean p,is
associated with linear predictors through a canonical link function,
a(Pg ) =LP,

From the meta-analysis studied, effects of treatment, randomization design and other
potential factors are treated as covariates of the model, thus

LP, = otreat, + 8x, + ydesign, +Bx, + U, (7.1)
where treat,  is the binary variable of treatments t that assigns 1 for treatment and 0 for
control.

design, is the binary variable of randomization design of trial i that assigns 1 for
cluster randomized trials and © for individually randomized trials.
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Xy is a vector of other potential factors of subjects in treatment group t for trial
i, such as mean blood pressure of subjects in treatment and control groups.

X is a vector of other potential factors or may be the interaction effect between
randomization design and treatment effect.

€ is an unknown fixed effect of the treatment on log scale.

5,7, are unknown fixed effect parameter vectors on log scale.

y, is random effects of between trials, It has a distribution ¢{u)that remains
unspecified.

For the binomial model, the canonical link function g(p,) = log(p, /(1 —p,)) thus
model (7.1) can be replaced to be
log(py /{1 -p,)) = 6treat, + 8x, +ydesign, +Bx; +y, (7.2)
The estimate of adjusted odds ratio of treatment effect is easily calculated from the
exponential of g
When the trials have different follow-up periods, the poisson model is an appropriate
model to fit this kind of data because it takes into account the follow-up period for each trial
by adding the offset term of log transformation of person-time to the model. For the poisson
model, the canonical link function is g{p, ) =log(p, ). The model (7.1) can be rewritten as
log{p, ) = 6treat, +&x, + ydesign, +Bx; +u, +iog(person -time), (7.3)
Here, the estimate of adjusted relative risk is also the exponential of g
The fixed treatment effect can extend to be a random treatment effects to evaluate
treatment heterogeneity. To achieve this purpose, 6treat, is replaced by the term
(8 +z,)treat, in model (7.1). It becomes
g(p, ) =P, = 6treat, +5x, + ydesign, + px, +ztreat, +u, (7.49)
where 2, is a random effect of the treatment. Thus u, and z have an unknown joint
distribution ¢{u,z).

7.3 Nonparametric maximum likelihood (NPML) estimator of parameters

At this step the likelihood function is determined to obtain maximum likelihood estimates of
the model parameters. When the treatment is fitted to the model as a fixed effect, like model
(7.1), the likelihood function is then

I 2
100,8,7,8,0) = [T f[TTf(velo,8,B.v,u )0 )du, (7.5)
E1 =1

where A is a parameter vector of ¢.

The function f(y,[,8,B,¥,4,) = f(y.|.P.) denotes the probability density for y, given
the linear predictors. Since the distribution ¢{u)is not known, the model parameters are
estimated non-parametrically. Here, it is reasonable to consider the ¢(u) as a discrete

distribution with K components, when K <I(118). Aitkin and Dietz (118, 119, 122) discuss
this point and show that
o) == forall (u)=(u)
= 0 orelse
might give a good approximation for the free distribution ¢{u) if u and =are chosen

approximately.
In the distribution ¢{U), u=(u,,...,uc)and =n=(=n,,....,nx_;) are the parameters, and

K-1 . .
®e =1— k}_“iuk . m denotes the mixture proportion at known mass point Uy .
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The likelihood function (7.5) can now replace the integral over u,by a finite sum of K
components. Some authors (119, 123, 125, 126) discuss this concept to be due to the integral
not having a closed form except for the normal distribution of the response variable. The
likelihood then becomes

I K 2
L(etaf'frprxru) = Hzﬂknf(ynpu) (7.6)
k=1 k=1 t=1
The log-likelihood function is as follows:
1 K 2
LL(6,8,7,8,%,u) = 35109 7, [T (Y| Prs) (7.7)

k=1 k=1 t=1
Therefore, the functions (7.6) and (7.7) are respectively the likelihood and log
likelihood of a finite mixture GLMM with known proportionm, at known mass point u,,
with the linear predictor for the trial i in the mixture component k being (123)
LP,, = 6treat, +8x, + ydesign, +BX; + U, (7.8)
Although the number K component is an unknown parameter, it is treated as fixed,
and successively increased until the likelihood is maximized (127). If K is the number of

components that maximizes the likelihood, then = and u are the NPML estimates of ¢. The

maximum likelihood of such interest models is implemented by the EM-algorithm procedure,
discussed in Dietz and Bohning 1994(128), Dietz and Bohning 1995(129) and Aitkin(119).
Implementation is done using the PORML macro programme in S-plus software. This macro
programme is supported by Dr Dietz (130). The optimal K component is then selected by
using the Bayesian Information Criterion (BIC). The BIC is estimated (131, 132) as

BIC = 2LL(8, 5, 7,8, &,0) -Plog(l) (7.9)
where LL(6,8,7,B,#,0) is the log-likelihood of estimates for K component.
P is the number of parameters estimated freely. For example; if we have 2
components, there must be P=3. This number comes from 2 component-specific
means of treatment effect (6, and 6,) plus one component weight (p,) to be

estimated, as p,is equal to (1-py).
I is the number of trials in meta-analysis.
The K component that gives the largest value of BIC is the optimal K.

When adding treatment effect as a random effect, the nonparametric maximum
likelihood estimates of parameters are obtained from the model in the same way as for the
fixed treatment effect model. First, the likelihood function to be maximized is summed over
K components under the discrete join distribution $(u, z),

I K 2
L(Brarffﬂt"rutz) = HZ“RH“Y&[LPI&) (7'10)
t=1

=1 k=1 =
and then the log-likelihood is

1 K 2
LL(B,5,7,B,m,u,2) = D Jog> " m [ | F(Vee|-Pu) (7.11)
1 k=1 t=1

Function (7.10) and (7.11) are likelihood and log likelihood of a finite mixture
GLMM with known proportion n, at known mass point (U, , 2, ), with the linear predictor for
the trial i in the mixture component k being(123)

LPy = Otreat, +8x,, +ydesign, +px, +u, +2 treat, (7.12)
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The maximum likelihood estimates of u,z,x and other fixed effect parameters at the K®
component are obtained by using the same procedure as in the previous discussion. However,
to implement model (7.12) in the S-plus, an interaction term between u, and treat, is needed.

At this stage the estimates U,z, = obtained from the model can be used to calculate a
weighted average treatment effect as

K .3 ~

6=3r,2, (7.13)
k=1

and the variance of the mixing distribution on 2,
A K A "‘2 K ~ ~ ,
as Var(8) = Y =, z; - (D m 2,) (7.14)
k=t k=1

This information can provide an explanation for treatment heterogeneity. If the 0 obtained

from (7.13) is similar to the results obtained from model (7.1) and Var(e) approaches zero, no
evidence of variability between K components of trials is shown. The estimate of fixed
treatment effect may be the appropriate answer for treatment effect.

In addition, a variance of the baseline heterogeneity among the K components is
estimated as

~ ~

= Em Uk (Em Uk)2 (7.15)

This value is expressed as the vanabnhty between K components beyond the treatment effect.
It can be used as an indicator of heterogeneity of unobserved random effects.

Many authors (118, 119, 122, 123, 133) have pointed out that interpretation of
estimate treatment effect under the discrete distribution of random effects is rather difficult
since the exact distribution of the random effects is unknown. The results obtained from the
finite mixture distribution of the NPML approach could, however, provide reasonable
information on heterogeneity. If only one component in a mixture distribution is obtained, no
heterogeneity across trials is considered.

7.4 Classification of trials
When the maximum likelihood estimates of parameters are cbtained at the K™ mixture
component where K >1, the trials can be classified to each component of the mixture
distribution. Class:ﬁcanon is achieved by using the maximum posterior probability that the
tral 1 comes from the K™ component (118, 127). The maximum posterior probability is
expressed(118) as
A 2 ry

annana [ FVe]Py)

pr(triall € Ck YurYa ™, u,2,0,7,p)= =1

(7.16)

faS

LPir)

K A

2
2w [ e
t=t

r=1

where C, is the k™ component and

LPw is the estimated linear predictor for trial i in the component k of the mixture
distribution.
The results obtained from the classification can be used to explain the finding of
heterogeneity that may be beyond the effect found in the model. This is a superior point of
the NPML estimator as compared to the parametric maximum likelihood estimator.
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7.5  Applications to published meta-analyses

In this section, the GLMM via NPML estimator is illustrated in the three published meta-
analyses described in topic 4. Because each of these meta-analyses includes trials with
different follow-up periods, the analysis is therefore performed by using the maximum
likelihood estimation of a 2-level mixed poisson regression models, PORML macro
programme in S-plus sofiware. To account for mean follow-up periods from individual trials,
the log transformation of multiplication of sample size and mean follow-up period must be
taken as an OFFSET for the model (134).

7.5.1 Meta-analysis of vitamin A supplementation trials

This meta analysis(1) includes eight community-based trials to determine the relationship of
vitamin A supplementation and mortality in children aged 6 to 72 months. To fit a poisson
regression model to the data, the observed number of child deaths from each treatment group
of individual trials is the response variable.

The analysis of mixed poisson regression models for this data set is performed in two
steps. First, the baseline heterogeneity from the random effects term of the model is -
investigated. The model is fitted with a fixed effect of treatment and a random intercept term,
ignoring any covariate, as model A in table 7.1. The mixing distribution is estimated non-
parametrically starting from K=2 mixture components. The number of component is
increased systematically until the deviance is stable and it gives the largest BIC value. The
non-parametric maximum likelihood estimates are obtained at K = 5 with the BIC of
1451.24. The model produces an estimate of the fixed effect of vitamin A supplementation as
log-relative risk of ~0.31(95 per cent CI -0.45 to -0.17). The variance of mixing distribution
is 0.93. Tt represents a huge variation of the baseline between mixture components on log
scale.

In the second step, the treatment effect is included as a random part of the model to
evaluate the treatment effect heterogeneity, as model B in table7.1. This model is called a full
random siope and intercept model. The maximum likelihood of a finite mixture model is also
estimated by the NPML. At K= S again the maximum likelihood estimate is obtained with the
BIC value of 1463.65. The estimate of weighted average log-relative risk of treatment effect
is ~0.43 (95 per cent CI —1.37 to 0.51). At this step even the estimate of the average effect of
vitamin A supplementation is more effective, the confidence interval is much wider than the
result obtained from model A, The upper limit of confidence interval is also higher than zero.
This figure represents evidence of random treatment effects. The variance of mixture
distribution for the baseline remains at a very high value of 0.89.

Table 7.1 NPML estimates of treatment effect and variance of random effects for each model in
meta-analysis of vitamin A supplementation trials

Model K BIC Baseline Overzll treatment effect
Components ", . | Estimated log-relative risk | 95 per cent CI for 6
variance (17 ) ~
©)
A 5 1451.24 0.93 -0.31 -0.45, -0.17
B 5 1463.65 0.89 -0.43 -1.37,0.51

A = k components mixture distribution of baseline effect and fixed treatment effect
B = k components mixture distribution of baseline effect and treatment effect
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The model produces further results of the classification of trials to K components of
the mixture distribution. This information is used to further explain the results of treatment
effect and baseline heterogeneity. Table 7.2 presents a wide range of component- specific
log-relative risk from -1.60 to 0.03. Three, at k =3,4,5, of the five components show evidence
of relative similar log—relatwe risk in beneficial effect of treatment. The component-speclﬁc
log-relative risk of the 2°! component presents increasing risk, but one that is inconclusive.
Some explanation can be given for these results.

The 1% component shows a very high effect of the treatment, determined by trial 5.
The trial has a small sample size and very small number of child deaths in the vitamin A
supplementatlon group. In addition, this trial has a mean follow-up period of 42 months
which is a much longer period than the other trials of around 5-18 months. The 4™
component is determined by trial 7 havmg substantial different units of treatment allocation,
wards, compared to the other trials. The 2™ component is determmed by trial 3 and trial 8,
which have similar inconclusive treatment effects. The 3™ and 5™ components are determined
by trials 1, 4, 2, and 6 respectively. These trials have likely similar units of treatment
allocation and the follow-up periods.

Table 7.2 NPML estimates of treatment effect distribution and classification of trials according
to the 5 components of the maximum likelihood estimates for model B

K" component .| Estimated log-relative risk Weight Trial oumber
{95 per cent CI)

1 -1.60 0.125 5
(-2.76, -0.44)

2 0.03 0.250 3,8
(-0.28, 0.34)

3 -0.46 0.250 1,4
(-0.77, 0.16)

4 0.35 0.125 7
{-0.64, -0.05)

5 0.32 0.250 2,6
(-0.53, 0.12)

For this example, the GLMM via NPML approach provides evidence of inconclusive
effect of vitamin A supplemention on child mortality with a wide confidence interval of the
true treatment effect. It also presents heterogeneity of treatment effect. The result obtained
from this study does not correspond to the result from the original meta-analysis paper. The
model also gives a huge variability of baseline characteristics. One point to note is that this
meta-analysis has a small number of trials.

7.5.2 Meta-analysis of mammographic screening trials

This meta-analysis (2) is performed to evaluate the effect of mammographic screening on
reduction of breast cancer mortality in women aged less than 50 years. It includes eight
identified trials perfomed in many western countries. The number of woman deaths with
breast cancer from individual trials are treated as a response variable of the poisson
regression model.

Analysis is similar to the steps in the previous example. The first step is to investigate
baseline heterogeneity. The model is fitted with screening programme as a fixed effect and 2
random intercept term, ignoring covariates, as model C in table 7.3. The NPML approach is
used to produce maximum likelihood estimates of the model parameters with successive
mixture components from K= 2. Estimating the mixing distribution non-parametrically gives
the maximum likelihood estimates at K= 4 with the BIC of 146.00. Estimated variance of the
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mixing distribution is 0.10. This reflects modest baseline heterogeneity on log scale. The
estimated log-relative risk of the fixed treatment effect is —0.21( 95 per cent CI -0.35 t0-0.07).

In the second step, the heterogeneity effect of screening programme is investigated.
Here it is fitted into the model as a random effects, as model D in table 7.3. The NPML gives
the maximum likelihood estimate at 4 mixture components with the BIC of 145.37. This BIC
value is similar to the result obtained from model C. Estimated variance of the baseline
mixture distribution adjusted for the random treatment effects is 0.09, which is similar to the
result of model C. The estimate of weighted average log-relative risk is -0.25 (95 per cent CI-
0.58 to 0.08). The confidence interval here is much wider than the result from model C. This
figure represents some evidence of random treatment effects.

The third step is to investigate heterogeneity of some available covariates. In this
meta-analysis, some trials randomly allocated the screening programme to groups of women
rather than to individual women. This difference of treatment randomization design is
considered as a binary variable: 1 for group randomized and O for individual randomized, in
the mixed poisson regression model. The randomization design is added to the model D as a
fixed effect, and now in model E in table 7.3. The NPML gives the maximum likelihood
estimate at K=3 with the BIC of 142 .46. The randomization design gives the non-significant
effect with an estimated log-relative risk of 0.12 (95 per cent CI -0.04 to 0.28 ). Estimated
variance of the mixing treatment distribution is 0.07 on log scale. It is slightly different from
the results of previous models. The estimate of adjusted effect of screening programme on
breast cancer mortality is the log-relative risk of -0.23 (95 percent CI -0.35,-0.11). This
adjustment illustrates similar effects of screening programme to the results obtained from the
fixed treatment effect in model C.

In addition, the interaction terms of (design*treat) is added to the model for further
investigation. The effect is not significant and the model gives similar results of the treatment
effect to model E. The model including an interaction term s not presented .

Table 7.3 NPML estimates of treatment effect and vanance of random effects for each model in
the meta-analysis of mammographic screening trials

Model K BIC Baseline Overall treatment effect
Components % Estimated log-relative risk | 95 per cent CI for @
vanance (1° ) ~
(8)
C 4 146.00 0.10 -0.21 -0.35, 0.07
D 4 145.37 0.09 -0.25 -0.58, 0.08
E 3 142 .46 0.07 023 .35, -0.11

C = k components mixture distribution of baseline effect and fixed treatment effect
D = k components mixture distribution of baseline effect and treatment effect
E = k components mixture distribution of baseline effect and treatment effect plus fixed randomization design

The classification of trals according to model E, which adjusts for randomization
design, is presented in table 7.4. The table shows various component-specific log-relative
risks from —0.33 to -0.08. Confidence intervals for the component-specific log-relative risk in
the 1" component and 3™ component are very wide and inconclusive. The 1® component is
determined by trial 6, with very imbalanced treatment groups. The 3™ component is
determined by trial 8, with practices as units of treatment allocation, where it differs from the
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rest. Most of the trials belong to the 2™ component, where the results of mammographic
screening are found to be significant beneficial effect.

The results illustrate some heterogeneity effects of mammographic screening and
moderate baseline heterogeneity. These results may indicate that the estimate of overall log-
relative risk may not appropriately represent the treatment effect for this example, even when
there is little baseline variability.

Table 7.4 NPML estimates of treatment effect distribution and classification of trials according
to the 3 components of the maximum tikelihood estimates of model E
K" Component Estimated log-relative risk Weight Trial number
(95 per cent CI)
1 -0.33 0.130 6
(-0.86, 0.20)
2 023 0.745 1-5,7
(-0.38, -0.08)
3 0.08 0.125 8
(0.39,0.22)

7.5.3 Meta-analysis of multiple interventions trials

This meta-analysis (3) is done to assess the effectiveness of multiple risk factor interventions
to reduce cardiovascular risk factors from coronary heart disease. Study subjects are adults
aged at least 40 years and having no clinical evidence of established cardiovascular disease.
In this thesis, reanalysis is performed for the fourteen trals providing the outcome of
smoking prevalence.

First, baseline heterogeneity is evaluated by fitting the mixed regression mode! with a
fixed intervention effect and a random intercept term, ignoring covariates, as model F in table
7.5. The NPML approach with sequentially mixture components from K=2 is used to obtain
the maximum likelihood estimate from the model. The NPML approach gives the maximum
likelihood estimate at 4 mixture components with the BIC of 2652.91. The variance of the
mixing distribution is 0.29 on log scale. This figure shows considerable baseline
heterogeneity. The estimate effect of multiple interventions on smoking prevalence is the log-
relative risk of -0.16 (95 per cent CI-0.20 to-0.12), which gives the significant protective
effect of the multiple interventions.

Next, the fixed effect of multiple interventions is replaced by a random effects as in
model G. This is performed to evaluate the heterogeneity effect of multiple interventions. The
NPML again gives the maximum likelihood estimate at K=4 with the BIC of 2737.61. The
estimated variance of mixing distribution of baseline is 0.31, representing similar variation to
the previous model results. The estimate of weighted average log-relative risk of multiple
interventions is -0.11 (95 per cent CI-0.25, 0.03), which is relatively similar to the result of
model F. Here, the result is inconclusive. _

In the third step, further heterogeneity is investigated by adding the covariate of
randomization design as a fixed effect to the model G, becoming the model H. The NPML
produces the maximum likelihood estimate again at K=4 with the BIC of 2740.23. The effect
of randomization design is not significant. The results of estimated variance of mixing
distribution of baseline and estimate of adjusted weighted average log-relative risk of the
multiple interventions are still similar to the result of model G.
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Next, the interaction between treatment and randomized design is fitted to the model
H, now becoming model 1. A significant effect of the interaction is seen. Estimates of the
parameters of this model are presented in table 7.6. Here, a slight raise in the estimate of
adjusted weighted average log-relative risk of the multiple interventions is seen in protective
effect with a significant result of -0.19 (95 per cent CI-0.35, -0.03).

Table7.5 NPML estimates of treatment effect and variance of random effects for each model in
the meta-analysis of multiple interventions trials

Model K BIC Baseline Overall treatment effect
Components "2 Estimated log-relative risk | 95 per cent CI for &
variance(t“ ) A
(8)
F 4 2692.91 0.29 .16 0.20, -0.12
G 4 273761 031 -0.11 -0.25, 0.03
H 4 2740.23 0.30 0.12 -0.25, 0.02
1 4 2750.74 0.28 -0.19 -0.35,-0.03

F = k components mixture distribution of baseline effect and fixed treatment effect

G = k components mixture distribution of baseline effect and treatment effect

H = k components mixture distribution of baseline effect and treatrnent effect phus fixed randomization design

I = Xk components mixture distribution of baseline effect and treatment effect plus fixed randomization design and
interaction of treatment and randomization design

Table 7.6 Estimates of effects for the variables of model [
Variable Estimated log-relative nisk 95 per cent CI
a} Randomization design 0.13 (0.04) 0.05, 0.21
_b) Multiple interventions -0.19 (0.08) (.35, 0.03
<) Interaction a and b 0.21 (0.05) 0.11,0.31

The classification of trials to each component according to model I, which adjusts for
randomization design and the interaction effect, is presented in table 7.7. There is some
difference in specific Jog-relative risk for individual components ranging from -0.29 to -0.06.
The 2™ and 4" components show similar figures of significant protective effect of the
muitiple interventions. Even the 1* and 3™ components show non-significant protective
effects of the multiple interventions. The upper limits of the confidence intervals close to
zero. There is also little variation between the four components with a standard deviation of
0.08.

The results obtained from this example show that there is evidence of slight protective
effect of multiple interventions on smoking prevalence among the adults aged at least 40
years and having no clinical evidence of established cardiovascular disease. Baseline
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heterogeneity is found. The NPMIL approach also presents evidence of different
randomization designs providing the different effect of multiple interventions.

Table 7.7 NPML estimates of treatment effect distribution and classification of trials according
to the 4 components of the maximum likelihood estimates of model I
K" Estimated log-relative risk Weight Trial number
Component (95 per cent CI)

1 -0.06 0.143 2,13
{(-0.20, 0.08)

2 0.29 0.218 1,4,10
(0.37,0.21)

3 0.13 0.282 6,7,11, 14
{-0.29, 0.03)

4 -0.24 0.357 3,5,8,9,12
(-0.36, -0.12)

7.6  Summary

The GLMM shows that by assuming free-distribution for the random effects and with the
procedure of NPML estimator via EM algorithm, information on heterogeneity between trials
is easily provided from sources of treatment effect, some potential covariates and random
effects. Estimated variance of random effects is obtained from the variation of baseline in the
K component mixing distribution. Despite this benefit, care should be taken when
interpreting treatment effect in terms of risk since some of the asymptotic generalizibility
issues remain unsolved in the nonparametric approach.
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Topic 8: Comparing GLM and GLMM approaches,
application to meta-analyses involving cluster randomized trials

In the previous two topics, GLM and GLMM approaches applied for the meta-analyses
related to cluster randomized trials are discussed individually. In this topic an evaluation is
performed for these approaches in terms of methodology, heterogeneity information
provided, model complexity and numerical results.

Section 8.1 compares different approaches in several aspects of their methodology.
Section 8.2 provides a discussion on the heterogeneity information obtained from individual
approaches and model complexity. Section 8.3 discusses strengths and limitations of the
individual approaches. Section 8.4 discusses comparison of the approaches in numerical
results. Finally, section 8.5 concludes and proposes the approach for quantitative synthesis of
the binary outcome in meta-analyses involving cluster randomized trials.

8.1 Methodology comparison

In terms of methodology for different approaches, the issues to be considered are estimation
of parameters and assumption requirements for the estimation, and computation procedure.
Table 8.1 shows procedures and required assumptions to estimate overall treatment effect for
different approaches in the meta-analysis involving cluster randomized trials with binary
outcome. Three aspects of the treatment effect are considered: an estimated overall treatment

effect (0), standard error of © and a confidence interval for 6.

For the GLM, restricted maximum likelihood (REML) estimator is a common
estimator suggested to estimate the overall log-relative risk of treatment effect. The estimator
requires the assumption of a normal distribution of observed treatment effect that is
conditional on the linear mixed model of covariate and random effects. The random effect
distribution here is approximately normal. The GLMM use nonparametric maximum
likelihood approach to estimate the overall log-relative risk of treatment effect. The observed
number of response variable has a poisson distribution given covariates and random effects.
The random effects distribution is left unspecified.

In GLM, the REML estimator also provides the standard error of 6 under the
additional required assumption as for the estimation of overall treatment effect. But since the
standard error calculation is based on asymptotic properties, it may be unreliable. Therefore,
the standard error is not used to calculate a confidence interval for 8. For the GLMM, the

NPML estimator also provides the standard error of 6 under the additional required
assumptions as mentioned to estimate the overall treatment effect.

To calculate a confidence interval for ©, the standard method for a mean parameter
requiring an asymptotic normal distribution of estimated overall treatment effect can be used
for the GLMM. For the GLM, parametric bootstrapping estimation is used to produce the
confidence interval. The lower and upper limits of the interval are obtained from smoothed
percentiles of bootstrap distributions. The procedure does not require any assumption for
producing the confidence interval.
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Table 8.1 Procedure and required assumption for estimating overall treatment effect for
different approaches in the meta-analyses of situation studied

Treatment effect Approaches
GLM GLMM
QOverall effect (9)
o Estimation REMI. NPMLE
procedure
* I;‘:gl“r‘f’gm Normaldistribute observed Normal/Poisson/Binomial distributed observed
P treatment effect given covariate and | response given covariate and random effects.
random effects.
Unspecified distribution of random
Normal distributtion of random effects.
effecis.
Standard error ¢
estimated ©
» Estimation REML NPMLE
Procedure . .
e Required [ndependent estimated © Independent estimated 6
assumption Normal distributed observed Normal/Poisson/Binomial distributed observed
treatment effect given covariate response given covariate and random effects.
and random effects. Unspecified distribution of random effects
Normal distribution of random
effects
Confidence interval
for ©
» Procedure Parametric bootstrapping estimation | Standard method for mean parameter
. i . Asymptotic normal distribution of estimated
!::qsuli:::gon No requirement treatment cffect

The comparative information presented in table 8.1 is also applied to the estimation of
covariates effects.

~

For the random effects, three measures are considered: an estimated variance 12,

sl

standard error of t2and a confidence interval for t?. Procedures and assumption for
estimating variance components for different approaches are presented in table 8.2. The GLM

also employs the REML estimator to provide the estimated variance t* and a standard error

of 2 under the assumption of normal distributed random effects. It is not advisable to use the
standard error to calculate a confidence interval for t° because the calculation of standard

A

error is performed under asymptotic properties, and thus the standard error of t° may be
unreliable. The parametric bootstrapping estimation is used instead to produce the confidence

interval for t? without any assumption requirement.

ol

2

For the GLMM, a weighted variance method is used to estimate t° without any

assumption requirement. In fact the approach can provide a standard error of t?and a
confidence interval for 1? by bootstrapping estimation without requirement of any
assumption. However, the software used for the approach in this study does not have
programmes for the bootstrapping estimation to provide these figures.
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Table 8.2 Procedures and required assumptions for estimating variance of random effects
for different approaches in meta-analyses of situation studied

Random effect Approeach
GLM GLMM

Variance (+*)
o Estimation REML Weighted variance method
procedure
¢ Reguired Normal distribution of random effects No requirement
assumption
Standard error
of estimated +*
» Estimation REML Bootstrapping estimation*
procedure
s Required Normal distribution of random effects No requirement
assumption
Confidence
interval for <
* Procedure Smoothed percentiles of bootstrapping Smoothed percentiles of bootstrapping
distribution distribution®

" » Required No requirement No requirement

assumption
* could be oblained by the appraach but not available in the software used bere

Table 8.3 shows the computation procedure, software available and the software used
for different approaches. They all use the iterative procedure for computing. For the GLM,
the RIGLS algorithm is used to implement the estimations as provided in the MLwiN
software used in this study. However, as discussed(117), it produces results similar to those
from other algorithms.

For the GLMM, by using the macro programme of 2- level poisson regression of S-
plus software, the iterative EM-algorithm is the procedure provided in the programme. This
algorithm has been proposed (124) to estimate maximum likelihood of the GLMM
parameters for many years. It is commonly used in this area.

Several software are available for the two approaches. The STATA software does not
provide complete results in the available commands. Meta-analysts need to write more
programmes for obtaining the complete results of the approaches. Thus, different software
are selected to analyze the data of individual approaches for this study. The software is
selected under the criteria that it provides most of the results needed. In addition, a familiar
and friendly software is preferably chosen. The choice for each approach is believed to be
appropriate.



59

Table 8.3 Computation procedure and software available for different approaches
Computation Approach
GLM GLMM
¢ Procedure Iterative Herative

(RIGLS algorithm for this study) {EM-algorithm for this study)

. ; Meta Graphs, GLIM
Software available GLIM GLIMMIX
MLwiN* STATA Macros,
SAS Macro Suite S-plus*
STATA Macros

* goftware used in this study

8.2 Heterogeneity information for different approaches

Here the heterogeneity information obtained from each approach is discussed. The
summaries are presented in table 8 4. The GLM approach produces the estimated overall
treatment effect and confidence interval for 6. Since the observed treatment effect is
conditional upon a linear mixed model of covariates and random effects, the approach can
provide covariate effect of continuous and categorical variables at trial level and individual
level with the confidence intervals for the true parameters. For the random effects

information, the GLM also provides an estimated variance t* and a confidence interval for

1?for the whole meta-analyses and subgroups of some categorical covariate variables. An
example is the randomization design variable for the meta-analysis of mammographic
screening trials with two categories. Here, for each category a variance of random effects can
be specified.

The GLMM provides the most general results compared to the GLM approach. The
results not provided here by the GLMM are confidence intervals for t*and estimated
variances of covariate subgroups. These deficiencies are due to incomplete results provided
by the software rather than the approach.

In terms of interpretation and generalizability, the results obtained from the GLM
performed under normality assumption are straightforward to interpret. The GLMM obtain
the estimated treatment effects from a discrete mixing distribution. For ones who believe in
smoothing distribution, this may make it difficult to interpret and make an inference on the
results. However, the issue of misspecified and unproved normal distribution of random
effects is still questionable, especially for the common case of meta-analysis with small
number of trials.
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Table 8.4 Abilities of different approaches in providing treatment effect and heterogeneity

information
Treatment effect and heterogeneity information provided Approach
GLM GLMM
Treatment effect
» Estimated overall effect (8) X X
o Clfors X X
e Estimated component- specific effect (6, )
- N/A X
¢ SE of §,
Random effect N/A X
e Estimated variance () X X
s Clfor &
X X
e Estimated subgroup-variance and its SE X X+
Covariates effect
» Estimated effect and its SE
Categorical data X
Continuous data X X

. results that can be obtained from the approach but not provided in the software used
N/A noi applicable

83 Strengths and limitations for different approaches

Strengths and limitations of different approaches are discussed here in relation to their
application to the meta-analyses involving cluster randomized tnials. Summaries are
presented in table 8.5,

For the GLM, it is the extension of simple conventional method of random effects
model that naturally allows including covariates of trial level and individual level for the
estimation. Application of the GLM to meta-analyses involving cluster randomized trials is
logically straightforward. The approach provides all dimensions of the heterogeneity effects
as mentioned earlier. Interpretation and inference on the treatment effect are also
straightforward under the normal distributed assumption of random effect. However, this may
lead to unreliable results if the assumption is misspecified. Another possible difficulty is that
meta-analysts may need to have higher literate in modelling approach to implement the
approach. '

The GLMM provides greater heterogeneity information. The NPML estimate is a
discrete mixing distribution on a finite component number implemented by the EM-
algorithm. It is relatively simple to perform the mixture maximum likelihood computations. It
has been shown(122) that the GLMM is robust against parametric model misspecification. It
provides information of component(or subgroup)-specific treatment effects and trial
classification according to the number of components where treatment heterogeneity is
detected. This result gives useful information for further explanation on the heterogeneity
effect Aitkin(122, 123) and Dietz (118) provide evidence on the theoretical and
computational issues showing that the GLMM is a flexible method used to solve problems of
treatment heterogeneity and random effects. However, there are some limitations. First,
qualified meta-analysts may be needed in modelling the approach to the analyses. Second,
convergence of the algorithm is often slow although consistent results are still obtained.
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Third, the NPML estimates may produce unreliable results if the number of trials included in
the meta-analysis is very small. Finally, difficulty in the interpretation of treatment effect
from a discrete distribution of the NPML estimate may arise if the true random effects are
likely to be a normal distribution. This is still an unsolved issue. Finally for the approach,
qualified meta-analysts may be needed in modelling the approach to the analyses.

Table 8.5 Strengths and limitations for different approaches
Approach Strengths Limitations
» GLM with -Provide heterogeneity information from | -Possibly difficult for non-literacy
REML several sources, treatment effect, in modelling approaches
covariates effect and variance of -Possibly provide unreliable results
estimator random effects when distribution of random effects
-Provide clear interpretation and is mis- specified.
inference on _treatment effect
e GLMM with -Provide heterogeneity information from | -Possibly difficult for non-literacy in
NPML several sources; treatment effect, modelling approaches
covariate effect and variance of ~Convergence of algorithm is ofien slow
estimator unspecified random effects distribution | -Results questionable for small
-Provide subgroup-specific mean number of trials in meta-analyses
treatment effect -Still questionable in reliability of
-Provide posterior probability to classify | interpretation of treatment effect
trials to each subgroup

8.4 Comparison of numerical results for different approaches

8.4.1 Meta-analysis of vitamin A supplementation on child mortality trials

Summaries of parameter estimates for alternative approaches applied to the data are
presented in table 8.6. The Q statistic for testing homogeneity (1 = 0) equals to 25.0 given p
= 0.001 at 7 degree of freedom. This figure provides evidence of heterogeneity between the
trials.

The GLMM for random treatment gives some higher estimated effect of the vitamin
A supplementation with a wider confidence interval for the true treatment effect. The
estimated variance of random effects obtained from the GLMM is 0.89, which is very large,
compared to the estimated variances of 0.08 in the GLM.

To make a conclusion of this example under the preferred approach of GLMM, that is
the log-relative risk of vitamin A supplementation about a mean of —0.43 (95 per cent CI -
1.37 t0 0.51). The estimated variance of random effect is 0.89, which reflects huge variability
between baseline characteristics. Some available information of various units of treatment
allocation and control treatments across the trials may share in the reason of this huge
variability of random effect. This result, however, does not correspond to the result from the
original meta-analysis paper reports that there is evidence of significant benefit of vitamin A
supplementation on child mortality by Dersimonian&Laird pooled overall log-odds ratio of -
0.36 (95 per cent C1-0.54 to -0.16).
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Table 8.6 Estimated vitamin A supplementation log-relative risk and variances of random
effects, from the best model for different approaches

Approach Log-relative risk Variance of random effect
(95 per cent CI) {95 per cent CI)
s  GLM with REMI. estimator
- Fixed treatment -0.36 0.08
(0.60, -0.15) 0.0, 0.15)
¢  GLMM with NPML estimator
- Random treatment 043 0.89
(5 components) (-1.37,0.51)

Q statistics: 25.00,p =0.001 at 7 df for this example

8.4.2 Meta-analysis of mammographic screening on breast cancer monrtality trials

In this example the Q statistic for testing homogeneity (12 =0) equals to 14.58 given
p=0.038 at 7 degree of freedom. This result shows evidence of heterogeneity between the
trials but it is not strong as the probability is quite high.

The estimates of log-relative risk produced by alternative approaches are not much
different. But the 95 per cent confidence interval for the true treatment effect is shown wider
in the GLM for the fixed treatment effect model, as presented in tabie 8.7 The variances of
random effects produced by the two approaches are rather similar in very small values. The
two approaches do not show evidence of significant effect of randomized design on the breast
cancer mortality. When allowing for random effects of randomized design for the GLM
approach, the variance of random effect is somewhat larger in the group of individually
randomized trials but still in a very small value.

So to conclude the results according to the GLMM approach, it shows that adjusted
log-relative risk of mammographic screening effect about a mean of —0.23 (95 per cent CI —
0.55 to -0.11). The estimated variance of random effect is 0.07, which represents small
variability between baseline characteristics. Even the estimated overall effect of
mammographic screen is significant, the results obtained from component-specific mean
effects, which is presented in Table 7.4, also show some heterogeneity effects of
mammographic screening. Thus the estimate of overall treatment effect may be not
appropriate for making a conclusion for this example.

Table 8.7 Estimated mammographic screening log-relative risk and
variances of random effect , from the best model for different

approaches
Approach Log-relative risk Variance of random effect
(95 per cent CI) (95 per cent CI)
*  GLM with REML estimator
- Fixed treatment + Random design -0.19 0.02
(-0.55,0.15) (0,0.03)°%F
0.06
(0, 0.10)%T
¢ GLMM with NPML estimator
- Random treatment + Fixed design 0.23 0.07
{ 3 components) (-0.35, -0.11)

Q statistics: 14.82 ,p = 0.038 at 7 df for this example, CRT= cluster randomized trial, IRT= individually randomized trial
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8.4.3 Meta-analysis of multiple interventions on smoking prevalence trials

For the data of this example, Q statistic for testing treatment homogeneity equals to 75.93
given p < 0.001 at 13 degree of freedom. This results show that there is strong evidence of
heterogeneity between the trials. Summaries of the estimates for individual approaches are
presented in table 8.8.

The two alternative approaches provide relatively similar results of the adjusted effect
of multiple interventions on smoking prevalence. But the GLMM gives much wider
confidence interval and larger estimated variance of random effects, which is 0.28, compared
to the variances of each category of the randomized design covariate, 0.005 for CRT and
0.013 for IRT, in the GLM. The GLM also produces no evidence of any covariate effects on
the log-relative risk while the evidence of randomized design effect is provided by the
GLMM.

In conclusion of this example by using the GLMM, it shows evidence of
heterogeneity due to randomized design and random effects. The evidence of benefit of
multiple interventions obtained from this approach is relevant to the results provided in the
original meta-analysis.

Table 8.8 Estimated multiple interventions log-relative risk and variances of random effect
from the best model , for adifferent approaches

Approach Log-relative risk Variance of random effect
(95 per cent CI) (95 per cent CI)
s  GLM with REML estimator
- Fixed treatment + Random design 0.12 0.005
(-0.20, - 0.02) (0, 0.01)KT
0.013
(0, 0.03)™T
e GLMM with NPML estimator
- Random treatment(a) + 0.19 0.28
Fixed design(b)+interacton a*b (-0.35, -0.03)
{ 4 components)

Q statistics: 75.93 , p<0.001 at 13 df for this example
CRT= cluster randomized trial, IRT= individually randomized trial

For these three examples, even they include all small number of trials, I believe that
the results obtained from alternative approaches are reasonable for comparing their
application. However the three examples are the biggest meta-analyses involving cluster
randomized trials available in published literature.

Impression of the application of alternative approaches to the three examples is that
they provide relatively consistent figures of treatment effect. The approaches of
nonparametric maximum likelihood estimators mostly give stronger effect of treatment and
wider confidence intervals for true treatment effects. This is reasonable because of the extra
source of variability that comes from the interaction between treatment and random effect
terms in the models.
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8.5 Summary

According to all of these considerations, the GLMM are preferable for meta-analyses
involving cluster randomized trials. The GLM and GLMM are, even compatible in terms of
methodology and results provided for answering heterogeneity due to treatment effect,
covariate effects and random effects. But in some aspects the GLMM is superior to the GLM.
The GLMM provides component (or subgroup)-specific treatment effect and trial
classification according to the optimal components, which is very useful in further explaining
the heterogeneity effects of both treatment and baseline characteristics. Since the inference on
the treatment effect obtained from a discrete mixing distribution has not been ruled out, it
may be difficult to interpret the treatment effect by using the GLMM. Nevertheless, the
approach will be much more efficient when they are applied to large meta-analyses.



65

Acknowledgements

I would like to express my thanks to the Thailand Research Fund for supporting this study.
Part of this study was also carried out while I was spending several research visits at the
Institute of International Health, Unit of Epidemiology and Biometery of the Joint

Center of Health Sciences and Humanities at the Free University Berlin. I would like to
thank Professor Dankmar Boehning, Professor Frank-Peter Schelp, Dr Ekkehart Dietz,

Dr Martina Stallmann and Ms Yoong Moy Chew for their help, discussion and
encouragement during this time in Berlin.



I0.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

66

References

Fawzi WW, Chalmers T, Herrera MG, Mosteller ¥. Vitamin A supplementation and
child mortality: a meta-analysis. The Journal of the American Medical Association
1993;269(7):898-903.

Gotzsche P, Olsen O. Is screening for breast cancer with mammography justifiable?
The Lancet 2000;355:129-134.

Ebrahim S, Davey SG. Multiple risk factor interventions for primary prevention of
coronary heart disease (Cochrane Review). The Cochrane Libary 2001;I(Issue 3).
Villar J, Ba'aqgeel H, Piaggio G, Lumbiganon P, Miguel BJ, al. e. WHO antenatal care
randomized trial for the evaluation of a new model of routine antenatal care. Lancet
2001;357(5268):1551-1564.

Glass G. Primary, secondary and meta-analysis of research. Educational research
1976;5:3-8.

Thompson S, Sharp S. Explaining heterogeneity in meta-analysis: a comparison of
methods. Statistics in Medicine 1999;18(20):2693-708.

Berry S. Understanding and testing for heterogeneity across 2 x 2 tables: application
to meta-analysis. Statistics in Medicine 1998;17:2353-2369.

D' Agostino R, Weintraub M. Meta-analysis: A method for synthesizing research.
Clinical Pharmacology & Therapeutics 1995;58(6):605-616.

Blettner M, Willi S, Schlehofer B, Scheuchenpflug T, Friedenreich C. Traditional
reviews, meta-analyses and pooled analysis in epidemiology. International
Epidemioclogical Association 1999;28:1-9.

Altman DG. Statistics in medical journals: some recent trend. Statistics in Medicine
2000;19:3275-3289.

Fleiss J. The Statistical Basis of Meta-Analysis. Statistical Methods in Medical
Research 1993;2:121-145.

Smith TC, Spiegelhalter DJ, Thomas A. Bayesian Approaches to Random-Effects
Meta-Analysis: A comparative study. Statistics in Medicine 1995,14:2685-2699.
Normand S. Tutorial in biostatistics meta-analysis; formulating, evaluating,
combining and reporting. Statistics in Medicine 1999;18:321-359.

Thompson SG. Controversies in Meta-Analysis: the case of the trials of serum
cholesterol reduction. Statistical Methods in Medical Research 1993;2:173-192.
Thompson SG. Meta-analysis of Clinical Trials. Dictionary in Biostatistics
1998:2570-2579.

Whitehead A, Jones NM. A Meta-Analysis of Clinical Trials Involving Different
Classifications of Response into Ordered Categories. Statistics in Medicine
1994:13:2503-2515. '

Edited by Stangl D, Berry D. Meta-Analysis in Medicine and Health Policy. New
York: Marcel Dekker,Inc_; 2000.

Donner A, Klar N. Cluster randomization trials. Statistical Methods in Medical
Research 2000;9(2):79-80.

Domner A, Klar N. Cluster Randomization Trials in Epidemiology: Theory and
Application. Journal of Statistical Planning inference 1994,42:37-56.

Donner A. Some aspects of the design and analysis of cluster randomization trials.
Applied Statistics 1998;47(1):95-113.

Buck C, Donner A. The Design of Controlled Experiments in the Evaluation of Non-
therapeutic Interventons. Journal of Chronic Disease 1982;35:531-538.



22.

23.

24,

25.

26.

27.

28.
29.

30.

31

32,

33

34.

35.

36.

37

38.

67

Gail MH, Mark SD, Carroll RJ, Green SB, Pee D. On Design Considerations and
Randomization-Based Inference for Community Intervention Trials. Statistics in
Medicine 1996;15:1069-1092.

Ukoumunne OC, Gulliford MC, Chinn 8, Sterne JA, GJ BP. Methods for Evaluating
Area-Wide and Organisation-Based Interventions in Health and Health Care: A
methodological systematic review for the NHS Research and Development Health
Technology Assessment Programme. Health Technology Assessment 1999;3(3):1-
110.

Hayes R, Alexander N, Bennett S, Cousens S. Design and analysis issues in cluster-
randomized trials of interventions against infectious diseases. Statistical Methods in
Medical Research 2000;9:95-116.

Wawer M, Sewankambo N, Serwadda D, al. e. Control of sexually transmitted
diseases for AIDS prevention in Uganda: randomised community trial. Lancet
1699;353:525-535.

Curzin-Quattara N, Van den Broek A, Habluetzel A, al. e. Wide-scale installation of
insecticide-treated curtains confers high levels of protection against malaria
transmission in a hyperendemic area of Burkina Faso. Transactions of the Royal
Society of Tropical Medicine ad Hygiene 1999;93:473-479,

Hayes R, al. e. A community trial of the impact of improved sexually transmitted
disease treatment on the HIV epidemic in rural Tanzania: 1 Design. AIDS
1995;9:919-926.

Kish L. Survey Sampling. London: Wiley; 1965.

Donner A, Klar N. Confidence Interval Construction for Effect Measures Arising
from Cluster Randomization Trials. Journal of Clinical Epidemiology 1993;46
(2):123-131.

Mickey RM, Goodwin GD. The Magnitude and Variability of Design Effects for
Community Intervention Studies. American Journal of Epidemiology 1993;137(1):9-
18,

Murray D, Rooney B, Hannan P, et a. Intraclass correlation among common measures
of adolescent smoking: Estimates, correlates and applications in smoking prevention
studies. American Journal of Epidemiclogy 1994;140:1038-1050.

Simpson J, Klar N, Donnor A. Accounting for cluster randomization: a review of
primary prevention trials, 1990 through 1993. American Journal of Public Health
1995,85(10):1378-1383.

Donner A, Eliasziw M, Klar N. A Comparison of Methods for Testing Homogeneity
of Proportions in Teratologic Studies. Statistics in Medicine 1994;13:1253-1264.
Sommer A, Djunaedi E, Loeden A, Tarwotjo I, West KP, Tilden R. Impact of vitamin
A supplementation on childhood mortality: A randomised controlled community trial.
The Lancet 1986(24 May):1169-1173.

Donner A. Statistical Methodology for Paired Cluster Designs. American Journal of
Epidemiology 1987;126(5).972-979.

Donner A, Hauck W. Estimation of A Common Odds Ratio in Paired-Cluster
Randomization Designs. Statistics in Medicine 1989;8:599-607.

Donner A, Klar N. Statistical Considerations in the Design and Analysis of
Community Intervention Trals, Journal of Clinical Epidemiology 1996;49(4):435-
439,

Shipley MJ, Smith P, Dramix M. Calculation of Power for Matched Pair Studies
when Randomization is by Group. International Journal of Epidemiology 1989;18
(2):457-461.



39.

40.

4],

42

43.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

S5.
56.

57.

68

Grosskurth H, Mosha F, Todd J, Mwijarubi E, et a. Impact of Improved Treatment of
Sexually Transmitted Disease on HIV Infection in Rural Tranzania: randomised
controlled trial. The Lancet 1995;346:530-536.

Spiegelhaiter DJ. Bayesian methods for cluster randomized trials with continuous
responses. Statistics in Medicine. Statistics in Medicine 2001(20):435-452:

Donner A, Brown K, Brasher P. A methodological review of non-therapeutic
intervention trials employing cluster randomization, 1979-1989. International Journal
of Epidemiology 1990;19(4):795-800.

Sowden A, Arblaster L. Mass media interventions for preventing smoking among
young people. The Cochrane Library 1999(Issue 1).

Hendrick R, Smith R, Rutledge IJ, Smart C. Benefit of screening mammography in
women aged 40-49: a new meta-analysis of randomized controlled trials. Journal of
the National Cancer Institute Monographs 1997,22:87-92.

Kramer M. Balanced protein/energy supplementation in pregnancy. The Cochrane
Library 1999(Issue 1).

Glasziou PP, Woodward AJ, Mahon CM. Mammographic screening trials for women
aged under SO: a quality assessment and meta-analysis. The Medical Joumnal of
Australia 1995;162:625-629,

Roberts M, Alexander F, Anderson T, Chetty U, Donnan P, Forrest P, et al
Edinburgh trial of screening for breast cancer: mortality at seven years. The Lancet
1989,335(3 Feb.):241-246.

Tabar L, Fagerberg CG, Gad A, Holmberg L, Grontoft O, Ljungquist U, et al
Reduction in mortality from breast cancer after mass screening with mammography.
The Lancet 1985(13 April):829-832.

Rao J, Scott AJ. A simple method for the analysis of clustered binary data. Biometrics
1992;48(june):577-585.

DerSimonian R, Laird N. Meta-analysis in clinical trials. Controiled Clinical Trials
1986,7:177-188.

Rahmathullah L. Reduced mortality among children in southern India receiving a
small weekly dose of vitamin A. New England Journal of Medicine 1990;323:929-
935.

West K, al e. Efficacy of vitamin A in reducing preschool child mortality in Nepal.
Lancet 1991;338:67-71.

Daulaire N, al e. Childhood mortality after a high dose of vitamin A in a high risk
population. British Medical Journal 1992;304:207-210.

The Vitamin A and Pneumonia Working Group. Potential interventions for the
prevention of childhood pneumonia in developing countries: a meta-analysis of data
from field trials to assess the impact of vitamin A supplementation on pneumonia
morbidity and mortality. Bulletin of the World Health Organization 1995;73(5).609-
619.

Beaton G, Martorell R, Aronson K, Edmonston B, McCabe G, Ross A, et al
Effectiveness of Vitamin A supplementation in the control of young child morbidity
and mortality in developing countries. The 1993;Paper No. 13(December).

Donner A, Piaggio G, Villar J. Statistical methods for the meta-analysis of cluster
randomization trials. Statistical Methods in Medical Research 2001;10(5):325-338.
Donner A, Klar N. Issues in the meta-analysis of cluster randomized trials. Statistics
in Medicine 2002;21:2971-2980.

Bauman KE, LaPrelle J, Brown JD, Koch GG, Padgett CA. The Influence of three
mass media campaigns on variables related to adolescent cigarette smoking: results of
a field experiment. American Journal of Public Health 1991;81(5):597-604.



58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

69

Campbell M. Cluster Randomised Trials: time for improvement The implications of
adopting a cluster design are still Jargely being ignored. British Medical Joumnal
1998;317(7167):1171-1172.

Elbourne D, Campbell M. Extending the CONSORT statement to cluster randomized
trials: for discussion. Statistics in Medicine 2001;20(3):489-496.

Klar N, Donner A. Current and future challenges in the design and analysis of cluster
randomization trials. Statistics in Medicine 2001;20(24):3729-3740.

Donner A, Klar N, Design and analysis of cluster randomization trials in health
research. London: Arnold; 2000.

Panpanich R, Garner P. Growth monitoring in children. The Cochrane Library 1999
(Issue 1).

Garner P, Gulmezoglu A. Prevention versus treatment for malaria in pregnancy

- women. The Cochrane Library 1999(Issue 1).

Lumley J, Oliver S, Waters E. Intervention for promoting smoking cessation during
pregnancy. The Cochrane Library 1999(ssue 1).

Thomson M, Oxman A, Davis D, Haynes R, Freemantle N, E H. Audit and feedback:
effects on professional practice and health care outcomes. The Cochrane Library 1999
(Issue 1).

Thomson M, Oxman A, Haynes R, Davis D, Freemantle N, Harvey E. Local opinion
leaders: effects on professional practice and health care outcomes. The Cochrane
Libary 1999.

Jefferson T, Demicheli V, Deeks J, Graves P, Pratt M, Rivetti D. Vaccines for
preventing anthrax Vaccines. The Cochrane Library 1999(Issue 1).

Villar J, D K-N. Patterns of routine antenatal care for low-risk pregnancy. The
Cochrane Library 1999(Issue 1).

Howe R. Circumcision and HIV infection: a review of the literature and meta-
analysis. International Journal of STD& Aids 1999,10:8-16.

Brunner E, White I, Thorogood M, Bristow A, Curle D, Marmot M. Can dietary
interventions change diet and cardiovascular risk factors? A meta-analysis of
randomized controlled trials. American Journal of Public Health 1997;87(9):1415-
1422.

Mahomed K. Iron supplementation in pregnancy. The Cochrane Library 1999(Issue
1).

Silagy C, Ketteridge S. Physician advice for smoking cessation. The Cochrane
Library 1999(Issue 1).

Lancaster T, Stead L. Self-help interventions for smoking cessation. The Cochrane
Library 1999(Issuel).

Ebrahim S, Smith GD. Systematic review of randomised controlled trials of multiple
risk factor interventions for preventing coronary heart disease. British Medical
Journal 1997;314:1666-1674.

Stead L., Lancaster T. Group behaviour therapy programmes for smoking cessation.
The Cochrane Library 1999(Issue 1).

Dickson R, Awasthi S, Demellweek C, Williamson P. Anthelminthic drug for treating
worms in children: effects on growth and cognitive performance. The Cochrane
Library 1999(Issue 1).

Glasziou P, Mackerras D. Vitamin A supplementtation in infectious diseases: a meta-
analysis. British Medical Journal 1993;306:366-370.

Gillespie L, Gillespie W, Robertson M, Cumming R, Lamb S, Rowe B. Interventions
for preventing falls in elderly people. The Cochrane Library 2000(Issue 3).



79.

80.

81.

82.

83.

84,

85.

86.

87.

88.

89.

90.

91.

92.

93.

94,
95.

96.
97.

08.

99.

100.

101.

70

Choi H, Breman J, Teutsch S, Liu S, Hightowe W, Sexton J. The effectiveness of
insecticide-impregnated bed nets in reducing cases of maralia infection: a meta-
analysis of published results. American Joumnal of Tropical Medicine and Hygiene
1995,52:377-382.

Lengeler C. Insecticide treated bednets and curtains for preventing malaria. The
Cochrane Libary 1999(Issue 3).

Ringash J. Preventive health care, 2001 update. screening mammography among
women aged 40-49 years at average risk of breast cancer. Canadian Medical
Association Journal 2001;164(4):469-476.

Sutton A, Abrams K, Jones D. An illustrated guide to the methods of meta-analysis.
Journal of Evaluation in Clinical Practice 2001;7(2):135-148.

Bailey KR. [nter-Study Differences: How should they influence the interpretation and
analysis of results? Statistics in Medicine 1987;6:351-358.

Thompson S. Why sources of heterogeneity in meta-analysis should be investigated.
British Medical Journal 1994;309(6965):1351-5.

Sutton A, Abrams K, Jones D, Sheldon T, Song F. Systematic reviews of trials and
other studies. Health Technology Assessment 1998,2(19):1-275.

Thompson SG, Smith TC, Sharp SJ. Investigating Underlying Risk as a Source of
Heterogeneity in Meta-Analysis. Statistics in Medicine 1997;16:2741-2758.
Brockwell SE, Gordon IR. A comparison of statistical methods for meta-analysis.
Statistics in Medicine 2001;20:825-840.

Biggerstaff B, Tweedie R. Incoperating variability in estimates of heterogeneity in the
random effects model in meta-analysis. Statistics in Medicine 1997;16:753-768.
Hardy RJ, Thompson SG. A Likelihood Approach to Meta-Analysis with Random
Effects. Statistics in Medicine 1996;15:619-629.

Hardy RJ, Thompson SG. Detection and Describing Heterogeneity in Meta-analysis.
Statistics in Medicine 1998;17:841-856.

Self S, Liang K-Y. Asymptotic properties of maximum likelihood estimators and
likelihood ratio tests under nonstandard conditions. Journal of the Amercan Statistical
Association 1987;82:605-10.

Colditz G, Burdick E, Mosteller F. Heterogeneity in meta-analysis of data from
epidemiologic studies: commentary. American Journal of Epidemiology
1995;142:371-382,

Dickersin K, Min Y, Meinert C. Factors influencing publication of research results.
Joumal of the American Medical Association 1992;267:374-378.

Staff BMIJE. The editor regrets......(editorial). British Medical Journal 1983;280:508.
Song F, Easterwood A, Gilbody S, Duley L, Sutton A. Publication and other selection
biases in systematic reviews. Health Technology Assessment 2000;4(38):1-142.
Horton R. Medical editors trial amnestry. Lancet 1997;350:756.

Horton R, Smith R. Time to register randomised trials- the case is now unanswerable.
British Medical Journal 1999;319:865-866.

Egger M, Davey S, Schneider M, Minder C. Bias in location and selection of studies.
British Medical Journal 1997;315:629-634.

Macaskill P, Walter SD, Irwig L. A comparison of methods to detect publication bias
in meta-analysis. Statistics in Medicine 2001;20:641-654.

Light R, Pillemar D. Summing Up: the science of reviewing research.
Cambridge,MA: Harvard University Press; 1984.

Duval S, Tweedie R. Trim and Fill: A simple funnel-plot-based method of testing and
adjusting for publication bias in meta-analysis. Bimetrics 2000;56:455-463.



102,

103.

104.

105.

106.

107.

108.

109.

110.

I11.

112

113.

114.

115.

116.

117,

118,

119,

120.

121.

122.

123.

124.

71

Egger M, Smith G, Schneider M, Minder C. Bias in meta-analysis detected by a
simple, graphical test. British Medical Journal 1997;315:629-634.

Tang J-L, Liu JL. Misleading funnel plot for detection of bias in meta-analysis.
Journal of Clinical Epidemiology 2000,53:477-484.

Toanmdis JP, Cappelleri JC, Lau J. Issues in Comparisons Between Meta-analyses and
Large Trials. JAMA 1998;279(14):1089-1093.

Begg CB, Mazumdar M. Operating charactenistic of a rank correlation test for
publication bias. Bimetrics 1994;50:1088-1101.

Givens G, Smith D, Tweedie R. Publication bias in meta-analysis: a Bayesian data-
augmentation approach to account for issues exemplified in the passive smoking
debate. Statistical Sciences 1997;12:221-250.

Sutton AJ, Lambert PC, Hellmich MA, Abrams KR, Jones DR. Meta-Analysis in
Practice: A critical review of available software. haven't know yet 1999:1-23.
Hasselblad V, Mccrory D. Meta-analytic tools for medical decision making: a
practical gutde. Medical Decision Making 1995;15:81-96.

Stram DO. Meta-Analysis of Published Data Using a Linear Mixed-Effects Model.
Biometrics 1996,52(June):536-544.

Larholt K, Tsiatis A, Gelber R. Variability of coverage probabilities when applying a
random effects methodology for meta-analysis. Unpublished 1994.

Berkey C, Hoaglin D, Mosteller F, Colditz G. A Random-Effect Regression Model
for Meta-analysis. Statistics in Medicine 1995;14.395-411.

Chang B-H, Waternaux C, Lipsitz S, Meta-analysis of binary data: which within study
variance estimate to use? Statistics in Medicine 2001;20:1947-1959.

Sullivan LM, Dukes KA, Losina E. Tutorial in Biostatistics An Introduction to
Hierarchical Linear Modelling. Statistics in Medicine 1999,18:855-888.

Goldstein H, Rasbash J, Plewis I, Draper D, Browne W, Yang M, et al. A User's
Guide to MLwiN. London: Institute of Education; 1998,

Goldstein H. Multilevel Statistical Models. London: Edward Amold; 1995.

Turner RM, Omar RZ, Yang M, Goldstein H, SG T. A multilevel model framework
for meta-analysis of clinical trials with binary outcomes. Statistics in Medicine
2000;19(24):3417-32.

Rasbash J, Browne W, Goldstein H, Yang M, Plewis I, Healy M, et al. A user's guide
to MLwiN. London: Institute of Education; 2001.

Dietz E, Weist K. Meta-analysis in hospital and clinical epidemiology based on mixed
generalized linear models. In: GLM; 2000: on publishing; 2000.

Aitkin M. A General Maximum Likelihood Analysis of Variance Components in
Generalized Linear Models. Bimetrics 1999;55:117-128.

Platt RW, Leroux BG, Breslow N. Generalized Linear Mixed Models for Meta-
analysis. Statistics in Medicine 1999;18:643-654.

Zhou X-H, Brizendine E, Pritz M. Methods for Combining Rates from Several
Studies. Statistics in Medicine 1999;18:557-566.

Aitkin M. Meta-analysis by random effect modelling in generallzed linear models.
Statistics in Medicine 1999,18:2343-2351.

Aitkin M. A general maximum likelihood analysis of overdispersion in generalized
linear models. Statistics and Computing 1996;6:251-262.

Hinde JP, Wood A. Binomial variance component models with a non-parametric
assumption concerning random effects. In:. R. Crouchley,ed. Longitudinal Data
Analysis. Aldershot, Hants; Avebery; 1987.



125.

126.

127.

128.

129.

130.

131.

132.

133.

134.

72

Lindsay BG. Mixture Models: Theory, geometry and applications. Pennsylvania
State: Institute of Mathematical Statistics and the American Statistical Association;
1995.

Boehning D. Chapter 2: Theory of nonparametric mixture models. In: Computer-
Assisted Analysis of Mixtures and Applications: meta-analysis,disease mapping and
others. New York: CHAPMANN&HALL/CRC; 1999. p. 31-42,

Boehning D. Chapter 5 C. A MAN-application: meta-analysis. In: Computer-Assisted
Analysis of Mixtures and Applications: meta-analysis,disease mapping and others.
New York: CHAPMANN&HALL/CRC; 1999. p. 93-104.

Dietz E, Boehning D. Analysis of longitudinal data using a finite mixture model.
Statistical Papers 1994,;35:203-210.

Dietz E, Boehning D. Statistical inference based on a general model of unobserved
heterogeneity. Lecture Notes in Statistics 1995,104:75-82,

Dietz E. PORML macro programe in S-plus software. In. Free University, Institute of
Social Medicine, Berlin; 2001.

Bohning D. Mixture Models: Computational Aspects and Applications. Tutorials on
Mixture Models, at the Conference on Recent Developments in Mixture Modeling,
Hamburg Germany July,2001.

Celeux G. Different points of view for choosing the number of components in 2
mixture model. In: Govaert J, Janssen N, editors. 10th International Symposium on
Applied Stochastic Models and Data Analysis; 2001; France; 2001. p. 21-28.

Hartzel J, Liu I-M, Alan A. Describing heterogeneous effects in stratified ordinal
contingency tables, with application to multi-center clinical trials. Computational
Statistics & Data Analysis 2001;35:429-449.

Aitkin M, Anderson D, Francis B, Hinde J. Statistical Modelling in GLIM. Oxford:
Oxford University Press; 1990.



10.

11.

12

13.

14.

13,

16.

17.

18.
19
20,

21.

22,

73

Appendix: References of meta-analyses and accessible cluster randomized
trials for topic 3

George SM, Latham MC, Abel R, Ethirajan N, Frongillo EA, Jr. Evaluation of effectiveness of good
growth monitoring in south Indian villages. Lancet 1993;342(8867):348-52.

Munjarga S, Lindmark G, Nystrom L. Randomised controlled trial of a reduced-visits programme of
antenatal care in Harare, Zimbabwe. Lancet 1996, 348 364-369.

Grosskurth H, Mosha F, Todd J, Mwijarubi E, Klokke A, Senkoro K, et al. Impact of improved treatment of
sexually transmitted diseases on HIV infection in rural Tanzania: randomised controlled trial. Lancet
1995;346(8974):530-6.

Roberts MM, Alexander FE, Anderson T3, Chetty U, Donnan PT, Forrest P, et al. Edinburgh trial of
screening for breast cancer: mortality at seven years. Lancet 1990;335(8684):241-6.

Ceesay SM, Prentice AM, Cole T, Foord F, Weaver LT, Poskitt EM, et al. Effects on birth weight and
perinatal mortality of maternal dictary supplements in rural Gambia: 5 year randomised controlled trial.
British Medical Joumnal 1997,315(7111):786-90.

Shulman CE, Dorman EK, Talisuna AQ, Lowe BS, Nevill C, Snow RW, et al. A community randomized
controlled trial of insecticide-treated bednets for the prevention of malaria and anaemia among primigravid
women on the Kenyan coast, Tropical Medicina and Internal Health 1998;3(3):197-204.

Sorenson G, Morris DM, Hunt MK. Work-site nutrition intervention and employee’s dietary habit: the
Treatwell program. American Journal of Public Health 1992;82:877-880.

Menendez C, Todd J, Alonso PL, Francis N, Lulat S, Ceesay S, et al. The effects of iron supplementation
during pregnancy, given by tmditional birth attendants, on the prevalence of anaemia and malaria.
Transactions of the Royal Society of Tropical Medicine and Hygiene 1994;88(5):590-3.

Kendrick JS, Zahniser SC, Miller N, Salas N, Stine J, Gargiullo PM, et al. Integrating smoking cessation
into routine public prenatal care: the Smoking Cessation in Pregnancy project. American Journal of Public
Health 1995;85(2):217-22.

Tabar L, Fagerberg CJ, Gad A, Baldetorp L, Holmberg LH, Grontoft O, et al. Reduction in mortality from
breast cancer after mass screening with mammography. Randomised trial from the Breast Cancer Screening
Working Group of the Swedish National Board of Health and Welfare. Lancet 1985;1(8433):829-32.
Bauman KE, LaPrelle J, Brown JD, Koch GG, Padgett CA. The influence of three mass media campaigns
on variables related to adolescent cigarette smoking: results of a field experiment. American Journal of
Public Health 1991;81(5):597-604.

Flay BR, Miller TQ, Hedeker D, Siddiqui O, Britton CF, Brannon BR, et al. The television, school, and
family smoking prevention and cessation project. VIII. Student outcomes and mediating variables.
Preventive Medicine 1995;24(1):29-40.

Flynn BS, Worden 1, Secker-Walker RH, Badger GJ, Geller BM. Cigaretie smoking prevention effects of
mass media and school interventions targeted to gender and age groups. Jourmal of Health Education
1995;26(2):845-851.

Haug K, Fugelli P, Aaro LE, Foss OP. Is smoking intervention in general practice more successful among
pregnant than non-pregnant women? Family Practice 1994;11:111-6.

Wilson DH, Wakeficld MA, Steven ID, Rohrsheim RA, Esterman AJ, Graham NM. "Sick of Smoking™:
evaluation of a targeted minimal smoking cessation interveation in general practice. The Medical Journal of
Australia 1990;152(10):518-21,

Janz NK, Becker MH, Kirscht JP, Eraker SA, Billi JE, Woolliscroft JO. Evaluation of a minimal-contact
smoking cessation intervention in an outpatient setting. American Journal of Public Health 1987,77(7):805-
9.

Lomas ], Enkin M, Anderson GM, Hannah WJ, Vayda E, Singer J. Opinion leaders vs audit and feedback
to implement practice guidelines. Delivery after previous cesarean section. Journal of the American
Medical Association 1991;265(17):2202-7.

Brown LF, Keily PA, Spencer AJ. Evaluation of a continuing education intervention "Periodontics in
General Practice”. Community Dental! Oral Epidermiology 1994;22:441-447.

Howe A. Detecting psychological distress: can general practitioners improve their performance? British
Jourmal of General Practice 1996, 46: 407-410.

Lando HA, McGovern PG. The influence of group cohesion on the behavioral treatment of smoking: a
failure to replicate. Addictive Behavior 1991;16(3-4):111-21.

Resnicow K, Vaughan R, Futterman R. A self-help smoking cessation program for inner-city African
Americans: results from the Harlem Health Connection Project. Health Education & Behavior 1997; 24(2):
p. 201-217.

Group W. Multifactorial trial in the prevention of coronary heart disease. II Risk factor changes at two and
four years. European Heart Jounal 1982; 3: 184-190.



23
24,
25,
26,

27.

28.

29.

30.

31

32,

KX}

34,
35.
36.
37.
38,
39.

40.

41,
42.
43,
44,
45.
46.

417.

74

Group I C R F E §S. Effectiveness of health checks conducted by nurses in primary care: results of the
OXCHECK study after one year. British Medical Journal 1994; 308; 308-312,

Group FHS. Randomised controlled trial evaluating cardiovascular screening and intervention in general
practice: principal results of the British family heart study. British Medical Journal 1994;308: 313-320.
Glasgow RE, Terborg JR, Hollis JF, Severson HH, Boles SM. Take heart: results from the initial phase of a
work-site wellness program. American Journal of Public Health 1995;85(2):209-16.

Hill R, Rigdon M, Johnson S. Behavioral smoking cessation treatment for older chronic smokers. Behavior
Therapy 1993; 24: 321-9,

Jason LA, Lesowitz T, Michaels M, Blitz C, Victors L, Dean L, et al. A worksite smoking cessation
intervention involving the media and incentives. American Journal of Comumunity Psychology 1989;17
(6):785-99.

Jason LA, McMahon SD, Salina D, Hedeker D, Stockton M, Dunson, K, et al. Assessing a smoking
cessation intervention involving proups, incentives, and self-help manuals. Behavior Therapy 1995; 26:
393-408.

Thein-Hlaing, Thane-Toe, Than-Saw. A controiled chemotherapeutic intervention trial on the relationship
between Ascaris Jumbricoides infection and mulnutrition in children. Transections of the Royal Society of
Tropical Medicine and Hygiene 1991; 85: 523-528,

Rousham E, Mascie-Taylor C. An 18-m0nlh study of the effect of periodic anthelminthic treatment on the
growth and nutritional status of pre-school children in Bangladesh. Annals of Homan Biology 1994, 21:
315-324.

Stoltzfus R, Albonico M, Tielsch JM, Chwaya HM, Savioli L. School-based deworming program yields
small improvement in growth of Zanzibari school children afier one year. Joumal of Nutrition 1997;127
(11):2187-93.

Hodnett ED, Kaufman K, O'Brien-Pallas L, Chipman M, Watson-MacDonell J, Hunsburger W. A strategy
to promote research-based nursing care: effects on childbirth outcomes. Research in Nursing & Health
1996;19(1):13-20

Sommer A, Tarwotjo I, Djunaedi E, West KP, Jr., Loeden AA, Tilden R, et al. Impact of vitamin A
supplementation on childhood mortality. A randomised controlled community trial. Lancet 1986;1
(8491):1169-73.

Rahmathuliah L. Reduced mortality among children in southern India recciving a smail weekly dose of
vitamin A. New England Journal of Medicine 1990; 323: 929-935,

West KP, Jr., Pokhrel! RP, Katz J, LeClerq SC, Khatry SK, Shrestha SR, et al. Efficacy of vitamin A in
reducing preschool child mortatity in Nepal. Lancet 1991;338(8759):67-71.

Daulaire NM, Starbuck ES, Houston RM, Church MS, Stukel TA, Pandey MR_ Childhood mortality after a
high dose of vitamin A in a high risk population. British Medical Journal 1992;304(6821):207-10.

Muhilal, Murdiana A, Azis I, Saidin 8, Jahari AB, Karyadi D. Vitamin A-fortified monosodium glutamate
and vitamin A status: a controlled field trial. American Journal of Clinical Nutrition 1988;48(5):1265-70,
Herrera MG, Nestel P, el Amin A, Fawzi WW, Mohamed KA, Weld L. Vitamin A supplementation and
child survival. Lancet 1992;340(8814):267-71.

Ghana VAST Study Team. Vitamin A supplementation in northern Ghana: effect on clinic attendances,
hospital admissions, and child mortality. Lancet 1993; 342: 7-12.

Tinetti ME, Baker DI, McAvay G, Claus EB, Garrett P, Gottschalk M, et al. A multifactorial intervention to
reduce the risk of falling among elderly people living in the community. New England Journal of Medicine
1994;331(13):821-7.

Tinetti M, McAvay G, Claus E. Does multiple risk factor reduction explain the reduction in fall rate in the
Yale FICSIT trial? American Journal of Epidemiology 1996; 144: 389-399,

Vetter N, Lewis P, Ford D. Can health visitors prevent fractures in ¢lderly people? British Medical Journal
1992; 304; 888-890.

Hornbrook MC, Stevens VI, Wingfield DJ, Hollis JF, Greentick MR, Ory MG. Preventing falls among
community-dwelling older persons: results from a randomized trial. Gerontologist 1994,34(1):16-23.
Reinsch S, MacRae P, Lachenbruch PA, Tobis JS. Attempts to prevent falls and injury; a prospective
community study. Gerontologist 1992; 32: 450-6.

Stross JK, Bole GG. Evaluation of a continuing education program in rheumatoid arthritis. Arthritis and
Rheumatism 1980;23:846-849.

Stross JK, Hiss RG, Watts CM, Davis WK, Macdonald R. Continuing education in pulmonary disease for
primary-care physicians. American Review in Respiratory Disease 1983;127(6);739-46.

Stross I, Bole G. Evaluation of an educational program for primary care practitioners, on the management
of osteocarthritis. Arthritis and Rheumatism 1985; 28; 108-111.



48.

49.

50.

5L

52

53

54

55

56

57

58

59

61

62

75

Elliott TE, Murray DM, Oken MM, Johnsorn KM, Braun BL, Elliott BA, ¢t al. Improving cancer pain
management in communities; main results from a randomized controlled trial. Journal of Pain and
Symptom Management 1997;13(4):191-203.

Snow R, Rowan K, Greenwood B. A frial of permetrin-treated bed nets in the prevention of malaria in
Gambian children. Transactions of The Royal Society of Tropical Medicine and Hygiene 1987; 81: 563-
567.

Snow R, Rowan K, Lindsay §, Greenwood B. A trial of bed nets (mosquito nets) as a malaria control
strategy in a rural area of the Gambia, West Africa. Transactions of The Royal Society of Tropical
Medicine and Hygiene 1988; 82: 212-215.

Sexton JD, Ruebush TK, Brandling-Benett AD. Permethrin-impregnated curtains and bed-nets prevent
maralia in western Kenya. American Journal of Tropical Medicine and Hygiene 1990;43:11-18,
Kamo!l-ratanakul P, Prasittisuk C. The effectiveness of permethrin-impregnated bed nets against malaria for
migrant workers in Eastern Thailand American Journal of Tropical Medicine and Hygiene 1992;47:305-
309.

Beach RF, Ruecbush TK, 2nd, Sexton JD, Bright PL, Hightower AW, Breman JG, et al. Effectiveness of
permethrin-impregnated bed nets and curtains for malaria control in a holoendemic area of western Kenya.
American Journal of Tropical Medicine and Hygiene 1993,49(3):290-300.

Graves PM, Brabin BJ, Charlwood JD, Burkot TR, Cattani JA, Ginny M, et al. Reduction in incidence and
prevalence of Plasmodium falciparum in under- 5-year-old children by permethrin impregnation of
mosquito nets. Bulletin of the World Health Organization 1987,65(6):869-77.

Kothari G. The effect of vitamin A prophylaxis on morbidity and mortality among children in urban slums
in Bombay. Jourmal of Tropical Pediatrics 1991;37: 141.

D'Alessandro U, Olaleye BO, McGuire W, Langerock P, Bennett S, Aikins MK, et al. Monality and
morbidity from malaria in Gambian children afier introduction of an impregnated bednet programme.
Lancet 1995;345(8948):479-83,

Habluetzel A, Diallo DA, Esposito F, Lamizana L, Pagnoni F, Lengeler C, et al. Do insecticide-treated
curtains reduce ail-cause child meortality in Burkina Faso? Tropical Medicine and International Health
1997,2(9).855-62.

Kroeger A, Manchcheno M, Alarcon I, Pesse K. Insecticide-impregnated bed nets for maralia control:
varying experiences from Ecuador, Colombia, and Peru concerning acceptability and effectiveness.
American Journal of Tropical Medicine and Hygiene 1995; 53: 313-323.

Moyou-Somo R, Lehman LG, Awahmukalah S, Ayuk Enyong P. Deltamethrin impregnated bednets for the
control of urban malaria in Kumba Town, South-West Province of Cameroon. Journal of Tropical Medicine
and Hygiene 1995; 98(5): 319-324,

Rowland M, Bouma M, Ducomez D, Durrani N, Rozendaal J, Schapira A, et al. Pyrethroid-impregnated
bed nets for personal protection against malaria for Afghan refugees. Transactions of the Royal Society of
Tropical Medicine and Hygiene 1996;90(4):357-61.

Nevill CG, Some ES, Mung'ala VO, Mutemi W, New L, Marsh K, et al. Insecticide-treated bednets reduce
mortality and severe morbidity from malaria among children on the Kenyan coast. Tropical Medicine and
International Health 1996;1(2):13946.

Binka FN, Kubaje A, Adjuik M, Williams LA, Lengeler C, Maude GH, et al. Impact of permethrin
impregnated bednets on child mortality in Kassena- Nankana district, Ghana: a randomized controlled trial.
Tropical Medicine and International Health 1996;1(2):147-54,



2.

76

Output of the study

Presentations at national and international meeting:

1.1 Qral presentation of ‘Describing Heterogeneity in Meta-analysis Involving Cluster

Randomized Trials: Normal versus Nonparametric Approaches of Random
Effects Models” at the 4™ Applied Statistics Conference of Northern Thailand
during May 23-24, 2002 in Chiang Méi. This presentation is funded by the faculty
of Public Health Khon Kaen University.Schedule of the conference is on the

attached document no.1.

1.2 Poster presentation of ‘Describing Heterogeneity in Meta-analysis Involving

{uster Randomized Trials: Normal versus Nonparametric Approaches of Random
Effects Models® at the 10" Cochrane Colloquium during 31 July — 3 August 2002
in Stavanger, Norway. This presentation is funded by the developing country
stipend of the Cochrane Collaboration. Schedule of the Colloquium is on the

attached document no.2.

1.3 Poster presentation of ‘Overview of Meta-analyses Involving Cluster Randomized

Trials’at the XVI Intemational Epidemiology Association World Congress of
Epidemiology during August 18-22, 2002 in Montreal, Canada. This presentation
is funded by the Thailand Research Fund and the faculty of Public Health Khon

Kaen University. Schedule of the Congress is on the attached document no.3.

1.4 Oral presentation of ‘Describing Heterogeneity in Meta-analysis Involving Cluster

Randomized Trials: Normal versus Nonparametric Approaches of Random
Effects Models’ at the 23™ Annual Conference The International Society for
Clinical Biostatistics (ISCB) during September 9-13, 2002 in Dijon, France.

This presentation is funded by the ISCB Scientist Award and the Khon Kaen
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Publication:

2.1 Laopaiboon M. Meta-analyses involving cluster randomization trials: a review of

published literature in heaith care. StatisticalMethods in Medical Research

2003;in press for the last issue of this year.

Attached document no.5 is the paper
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Actogencily beyond those clevated by mceta-analyses involving only individually randomized trials.

g% Beneral lincar wixed model (GLM) has been proposed to cxplain heterogenceity in meta-analysis

the treaiment offect is measured in binary outcome. Log-relative measure is uscd as a responsc

Tt
o .
able. The parameter estimation s based on assumption of normal distribution of random cficcts,

Lrandom cffects cannen be mcasured. The generalized lincar mixed model (GLMM ) under
apecificd distribution of random effeets may be an alternalive chaoice,

tive: This study is done o compare the GILM with the GLMM for describing hetcrogeneity in
Aalysis mvolving cluster randomizea srials in binary outcome.

st The GILM and GI.MM approaches arc caomplilicd in two published meta-analyses involving
Rndomized iriats. The {irst meta-analysis of 14 triak included is donc to asscss the effectiveness

BUDIe risk facior interventions to reduce cardiovascular risk factors from coronary heart disease.
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The second meta-analysis comprises of 8 trials, which is performed to cvaluawe e it _x’
mammographic screcning on reduction of breast cancer mortality. Obscrved log-relative risl;;
individual trials ar¢ fitted to the GLLM as a continuous response. The trials included are classifieq tg
calegorics of randomization pnits. clusters and individually. This provides a covariate of the Mody|,
model parameters are estimated with the restricted maximum likelihood (REML) under the ng
assumption of random effects. For the GI.MM, observed frequencies of the outcome for cach Irca-

group are used for individual Irixls. A canonical link {function of the observed mean proponig

associated with lincar predictors model of which treatment and randomization design arc regd

probability is used 1o classified trials to each component,
Results: The two approaches shown that the covariates cficets and variability ot random cticets
the models easily explained heterogeneity between trials. Results of numerical cxample
presented at the conference. The GLMM is superior to the GLM in somc aspects. The GLMM
further heterogencity information from random treatment cffects. [n addilion, the approach pro
component -specific treatment etfect and trial classification according 10 the optimal componcents.
is very useful in turther explaining the heterogeneity that might be beyond the cffects found |
imodcl.
Conclusions: The GLMM approach provides more information for explaining hetarngc‘.
effect in the meta-anatyses studied. However, care should be taken when interpreting
covariates effects of the model because inference on these effects nptained from a discrete

-distribution has w0t been ruled out. Nuvertheless, the GLMM would be much more efTicient

it is applied to large meta-analyses.
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Daily schedule
Tuesday, July 30™

09:00 - 17:00
13:00 - 17:00

Meetings
Funders " Forum Workshop

Wednesday, July 31%

09:00 - 16:45
09:00 - 16:00
09:00 ~16:00
05:00 ~16:00
09:20 - 16:30
12:30 ~16:00
17:00 - 18:15
18:30 - 20:00

Meetings

Funders” Forum Workshop

Hike to Pulpit Rock

Sightseeing by boat and bus

Pre-Colloquium Consumer Workshop

Utstein Monastery

Plenary session

Welcome reception at the Rogaland Art Museum

Thursday, August 1=

07:45 - 09:15
09:30 - 10:30
10:30 - 10:50
11:00 - 12:30
12:30 - 14:15
12:30 - 13:30
13:00 - 13:30
14:10 - 14:30
14:30 - 16:30
16:45 - 17:45
18:00 - 23:00

Meetings

Plenary session

Coffee

Entity exchange & Meet the Steering Group
Meetings

Lunch

Formal Annual General Meeting (for entity representatives)

Coffee

Waorkshops

Meetings

Fjord Cruise on the Lysefjord

Friday, August 2™

07:45 - 09:15
09:30 - 10:30
10:30 - 10:50
11:00 - 14:15
12:00 - 14:00
12:30 - 13:30
14:10 - 14:30
14:30 - 16:30
16:45 - 17:45
18:00 - 23:00

Meetings

Plenary session

Coftee

Meetings

Poster presentations session A
Lunch

Coffee

Workshops

Meetings

Fjord Cruise on the Lysefjord

Saturday, August 3™

07:45 - 09:15
09:30 - 10:30
10:30 - 10:50
11:Q0 - 14:15
12:00 - 14:00
12:30-13:30
14:10 - 14:30
14:30 - 16:30
16:45 -~ 17:45
19:30 - 02:00

Meetings

Plenary session

Coffee

Meetings

Poster presentations session B
Lunch

Coffee

Workshops

Meetings

Conference party

Sunday, August 4"

05:00 ~16:00
09:00 ~16:00
12:30 ~16:00

Hike to Pulpit Rock
Sightseeing by boat and bus
Utstein Monastery



(Critical Skills Training in Appraisal for Librarians), created by Anne Brice et al. at Oxford
University. The following information will be extracted from relevant articles: study
objectives, databases and other electronic resources searched, subject being searched,
comparisons made, number of RCTs identifled from each source, numerical summaries
presented and conclusions. A qualitative analysis will be conducted and, if possible, a
quantitative analysis will be done.

Results: Results will be available by July 2002.

Conclusions: This study will aid in developing recommendations for which sources to
search in order to identify RCTs and CCTs for systematic reviews. The next step is to
conduct a systematic review of search strategies for the databases identified in this review.

[P18] A Typical Cochrane Review: How Many More are Needed to Cover
Existing Evidence?

Susan Mallett and Mike Clarke. UK Cochrane Centre, NHS Research and Development
Programme, Oxford, OX2 7LG, UK.

Objective: To describe a typical Cochrane review in terms of the number of studies listed
as included studies, ongoing studies and studies awaiting assessment. To use this
information to provide an estimate of how many Cochrane reviews would be needed to
assess all studies currently listed in The Cochrane Controlled Trials Register (CENTRAL).
Methods: 989 reviews from The Cochrane Database of Systematic Reviews in The
Cochrane Library, Issue 1, 2001 were analysed for the number of included studies,
ongoing studies and studies awaiting assessment per review. Included studies are those
meeting eligibllity criteria for the review, and where information is included. The number
of references cited per study was extracted from a random sample of reviews.

Resttits: The 989 Cochrane reviews contained 9,778 included studies, with the typical
Cochrane review containing 6 studies (based on the median number per review). 17% of
reviews listed ongoing studies that met review criteria but where the results of the study
were not yet available for inclusion. 29% of reviews listed studies awaiting assessment of
whether these should be included in the review. The number of references per study within
Cochrane reviews was used to provide an estimate of the number of trials referenced by
300,00 reports in CENTRAL. This was used to provide an estimate of the number of
additional Cochrane reviews that would be needed for systematic reviews to cover all these
studies.

Conclusions: 9,778 trials were included in 989 Cochrane reviews in The Cochrane Library,
Issue 1, 2001. A typical Cochrane review included 6 studies and 6.6 references, With an
average Cochrane review containing six studies, this would correspond to 45,000 Cochrane
reviews being needed to cover the more than 300,000 references in CENTRAL
{(approximately 270,000 studies). Itis, however, possible that 1.1 references per study is
an underestimate. For example, the Cochrane Stroke Group found an average of 2.1 in
their Specialized Register of Stroke Trials (4,525 reports corresponding to 2,132 studies).
On the basis of this figure, the number of additional Cochrane reviews would be estimated
as 24,000, In addition not all references in CENTRAL or the studies they report, might be
suitable for new Cochrane reviews. There will be references to studies already within
Cochrane reviews and some references appear more than once. In addition some of the
studies will relate to interventions that are no longer used or information that is not
relevant to health care decisions, and some studies may be eligible, but not yet included,
in existing Cochrane reviews. Given that 45,000 may be a gross overestimate, it is
difficult to know how many Cochrane reviews would be needed, but we predict that at least
another 10,000 Cochrane reviews are needed to cover a substantial proportion of the
studies refevant to health care that have already been identified.

[P19] pescribing Heterogeneity in Meta-analysis Involving Cluster Randomized
Trials: Normality versus Nonparametric Approaches of Random Effects Models

Malinee Laopaiboon, Dankmar Béhning, Department of Biostatistics & Demography,
Faculty of Public Health, Khon Kaen University, Khon Kaen, Thatland
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Objective: The purpose of this study was to compare the general linear mixed model
{GLM) with the generalized linear mixed model (GLMM) for describing heterogeneity in
meta-analysis involving cluster randomized trials in binary outcome,

Methods: The two approaches of GLM and GLMM were exemplified in two published meta-
analyses involving cluster randomized trials. The first meta-analysis was done to assess
the effectiveness of multiple risk factor interventions to reduce cardiovascular risk factors
from coronary heart disease. Analysis was performed in the 14 trials incuded that
provided simoking prevalence outcome. The second meta-analysis comprised fewer trials of
8, which was performed to evaluate the effect of mammographic screening on reduction of
breast cancer mortality. Observed log-relative risks for individual trials are fitted to the
GLM as a continuous response. Randomization design was treated as a covariate of the
model. The model parameters were estimated with the restricted maximum likelihood
{REML) under the normality assumgption of random effects. For the GLMM, observed
frequencies of the outcome for each treatment group that approached to poisson
distribution were used rather than the observed log-relative risks for individual trials. A
canonical link function of the observed mean proportions was associated with linear
predictors model of which treatment and randomization design were treated as covariates.
The model parameters were estimated non-parametrically under a discrete mixture
distribution of random effects for K components. Maximum posterior probability were used
to classified trials to each component.

Results: The two approaches shown that the covariates effects and var:ablllty of random
effects from the models easily explained heterogeneity between trials. The GLMM was
superior to the GLM in some aspects. The GLMM gave further heterogeneity information
from random treatment effects. In addition, it provided component (or subgroup)-specific
treatment effect and trial classification according to the optimal components. This was very
useful in further explaining the heterogeneity that might be beyond the effects found in the
model.

Conclusions: The GLM and GLMM approaches were preferable for meta-analyses involving
cluster randomized trials. However, care should be taken when using the GLM because the
GLM needed a strong assumption of normality distribution of random effects components,
It was also difficult to verify validity of the assumption. For the GLMM, care should be
taken when interpreting treatment effect in terms of risk since the inference on treatment
effect obtained from a discrete mixing distribution bad not been ruled out. Nevertheless,
these two approaches would be much more efficient when they were applied to large
meta-analyses. —

[P20Q] rmpact of Grey Literature on Meta-Analyses of Randomized Trials - A
Systematic Review

Sally Hopewell, Steve McDonald, Mike Clarke, Matthias Egger. The UK Cochrane Centre,
Oxford, United Kingdom.

Background: The incfusion of grey literature (i.e. literature that has not been formally
published) in systematic reviews may help to overcome some of the problems of
publication bias, which can arise due to the selective availability of data. There is now
some evidence in support of this, suggesting that the exclusion of grey literature from
meta-analyses can lead to an exaggeration of the effect of treatment.

Objective: This study aims to review systematically research studies, which have
investigated the impact of grey literature in meta-analyses of randomized trials. A study
wili be considered eligible for this review if it compares the effect of the inclusion and
exclusion of grey literature on the results of meta-analyses of randomized trials.
Methods: Studies will be identified by searching the Cochrane Methodology Register,
MEDLINE, EMBASE, Science Citation Index and by handsearching journals and conference
proceedings. The main outcome measure will be an estimate of the impact of trials from
the grey literature on the pooled effect estimates of the meta-analyses. Information will
also be collected on the area of health care, the number of meta-analyses, the number of
trials, the number of trial participants, the year of publication cf the trials, the language
and country of publication of the trials, the number and type of grey and published
literature, and methodological quality.

Results and Conclusions: As of February 2002, two studies have been identified which
assess the impact of including grey literature in meta-analyses of randomized trials. The
results of these studies and any other studies Identified in the interim wili be reviewed.
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WEDNESDAY, AUGUST 21, 2002

WPI53 Informal Work and Common Mental Disorders
Ana Ludermir, Federal University of Pernambuco, Recife, Brazil
WP154 The Prevalence of Depression and Suicidal Thoughts in Iranian Students
Mohammad Reza Sargolzaee, Mashad University of Medical Sciences, Mashad, Iran
" WPIS5 The Associations between Discomfort and Psychological Symptoms, in the Greater Athens Area,’
3 during the Maximum of the Solar Cycle No 22
. Athanasios Paliatsos, TEl of Piraeus, Glyfada, Greece.
- WP156 Overview of Meta-Analyses Involving Cluster Randomized Trials
Malinee Laopaiboon, University of Khon Kaen, Faculty of Public Health, Khon Kaen, Thailand __
WP157 Perineal Application of Cosmetic Talc and Risk of Invasive Epithelial Ovarian Cancer: A

Meta-analysis of 11,933 Subjects from Sixteen Observational studies
Michael Huncharek, Meta-analysis Research Group, Stevens Point, USA

WP158 Hepatitis B Immune Globulin for Prevention of Posi-transplantation Hepatitis B (Cochrane Re
Zhiyong Hong, Blood-bome Pathogens Division, CIDPC, Ottawa, Canada

WP159 The Mammography Controversy: Our Unsupportable Claims of Certainty Catch Up with Us
Carl V. Phillips, University of Texas School of Public Health, Houston, USA

WP160 A Survey on the Knowledge, Attitudes and Practices of Married Women of 15-49 Years Old to
Contraceptive Devices in Shiraz, Iran, 2000
Leila Malekjamshidi, Shiraz University of Medical Sciences, Shiraz, Iran

WP161 Social Epidemiology: An Essential Aspect of Inter-Disciplinary Professional Training
Fredric Daniell, State University of New York at Brockport, Brockport, USA )
WP162 Teaching Epidemiology On-Line: Overview of Course with an Emphasis on On-Line Discussions §

and Practicals Correction
Pierre Philippe, University of Montréal, Montréal, Canada
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WP163 Prablem-Based Learning as a Tool for Teaching Epidemiology
Jane Heyworth, The University of Western Australia, Crawley, Australia

WP164 Clinicians and Epidemiofogy

N Shyam Chirravoori, DRRML Hospital, Dwarka, India

WP165 Teaching Postgraduate Epidemiology in a Time of Transition—The Polish Experience
Miroslaw Wysocki, National Institute of Hygiene, Warsaw, Poland

WP167 Association of Time Spent Watching Television and Physical Activity with Obesity in Ahw: az-Iran
Hamid Soori, Ahwaz University of Medical Sciences, Ahwaz, Iran

WP168 Hygiene Characteristics of Households in an Epidemic of Acute Diarrhoeal Disease in Rural NigefH
Christian Chibuzo Ibeh, Nnamdi Azikiwe University Teaching Hospital, Nnewi, Nigeria K

WP169 Determination of Marital Satisfaction and Its Contributing Factors in Shiraz.

Ramin Shafieian, Shiraz University of Medical Sciences, Shiraz, Iran
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WPFPIS3
INFORMAL WORK AND COMMON MENTAL DISORDERS

Ludezmmic 4,
Department  of Social Medicine. Federa) University of
Pernamboco, Brazil.

Understanding causes of common mental disorders in different
socictics requires an understanding, of the diffaring socio-economic
circumstances around the world. Onc of the significant differences
between quployment status in developed and developing world i that
a large proportion of people work outide the formal labour market in
the laticr.

Objectives:

This paper investigales the association between informal work
and common mental disorders in an impoverished area of Brazil.
Methods:

A cross-gectional survey of & rendam sample of private households
included 683 adults aged 15 years and over [iving in area [ of Olinda,
Recife Metropolitan Region, femambuco, Brazil The self-reporting
questionnaire (SRQ) was used to estimate the prevalence of common
mental disorders.

Results:

Informal workers had a higher prevalence of common roonial
disorders compared ko those in formal employment This was true
before and after adjustment for sex, age, marital status and migration
{OR 2.16, 95% Ct 1.3-1.7, respectively) and for aducation and
bousehold per capita monthly income (OR 1.83,95% CI 1.1-3.1).
Conclusions:

Working outside the protection of employment legisiation i
very common in many poofer counfrics and have adverse
consoquences for psychological health.

E-mail sbl@npd.ufpe.br

WP154

THE PREVALEWNCE OF DEPRESSION
THOUGHTS IN IRANIAN STUDENTS
Sargolzace, MR, Keikhaee , M.R.
Deparument of psychiatry, Mashad University of Medical sciences
Mashad. Iren.

AND SUICIDAL

Background:

Previcus reports bave suggesied high point prevalence of
Depression, Hopelessness and Suicidal thoughts in lranien students
Objective;

We 1ested the hypothesis of high prevalence of Depression in
the students and the correlation between it and the worries of in the
students.

Methods:

We conducied the study on 680 students in four umvcrsmcs in
Iran, Qur instruments were Beck's Depression inventory and
Demographic and psychosocial Questionnaire.

Resuits:

Over 25 % of the students had Moderate to severe Depression.
The prevalence of Depression was not correlated with sex. About
15 % of the students had suicidal thoughts
Cosoclusion:

High prevalence of Depression and sulcndal thought in the
students support the notion that they noed special Mental Health
professional care anfl social support.

E-mail: isssp@@iyahgo.com

WP155

THE ASSOCIATIONS BETWEEN DISCOMFORT AND
PSYCHOLOGICAL SYMPTOMS, IN THE GREATER ATHENS
AREA, DURTNG THE MAXIMUM OF THE SOLAR CYCLE No
2

Paliatsos A.G., Panagiotakos A.G., Nastoe A.G., Korbekis G. K.,
Tritakis V., Bergisnnaki 1, Psarros C, Papamigopoulos T, Stefanis
CN.

Geueral Department of Mathematicd, Technological Education
Institute of Piracus; Laboratory of Climeinlogy, Departmnent of
Geology, University of Athens; Research Center for Astronomy
and Applied Mathematics, Acsdemy of Athens; Menta! Health
Rescarch Institute, University of Athens, Greece.

Background,

The fact that environments! conditions play a role in the
pathogeaesis of pbysical discase was known as carly as the time of
mppou-n:-(dm B.C.). The aim of this study ix o evaluate the

associations between an cavironmental index with the presence of
psychopethologicel symptoms observed duning the maximum of
the solar cycle No 22, on the Greater Athens' Asca (GAA)
Methods,

We studied & sample of 3569 outpatients (48% were females,
41.96 £ 175 years old, 52% were males, 37.45 + 16.5 yesrs old)
that visited the Athens University Medical School during {989
The investiguted psychological symptoms were. aggressive
behavioe, sclf-destruction, sleep disorder, scute stress and anxisty,
euphoria, fecling of fatigue and depressive mood. In order 1o
evaluate the association between the previous psychopathological
sytnploms and both the environmenta! index suggested by Giles,
we applied gencralized linear modeis.

Resulis.

A significant scasonal variation of the DI 2od the sequenca of
bospital visits were observed. In particutar, 10-unit increases in the
Dl mist by 25% the probability of having psychopathological
wmptoms (95% CI: 11% to 45%, p < 0.001), while DI > 24
(moderste-to-intense) 2folds the risk (odds ratio = 1.86, 95% CI
1.065 ~ 3.158, significant level = 0.029) of observing the daily
number of outpatients in the wpper quartite {ie. > 13 cases with
patho-physiological symptoms per day) compared to the lower
quartile (i.c. < 5 cases with patho-physiological symptoms per
day}.

Conclusions.

In conclusion, our findings suggest that an association between
discomfort and the daily number of the outpatients’ visits in the
psychiatric emergency unit seems to exist. However, it is hard to
claim that our ﬂndmgx support causal evidesce and a prospewvc
cohort iy different time periods may be conducted in order_to
confirm or refute our findings,

E-mail: dbpangg@math.uoa gx

WP1%6
OVERVIEW OF META-ANALYSES INVOLVING CLUSTER

RANDOMIZED TRIALS

Laopaihoon M,

Department of Biostatistics and Demography, University of Khon
Kaen, Faculty of Public Health, Mueng District, Khon Kaen,
Thailand,

Backgreund:

Mcta-analysis is commonly used as a tool to evaluare the
effectivenesa of therapeutic and preventive interventions in many
weas of hezith care. Clusier randomized trisls have been
increasingly used to evaluate the effectiveness of health
interventions in the past two decades. Mcta-anelysts are being
faced with inclusion of such trials in the synthesis approach.
Objective:

To identify and describe curremt practice of meta-anaiysis
involving cluster randomized trials in the published literature on
health care.

Search strategy:

Electronic databases were searched for meta-analyses involving
cluster randomized trials from the carliest date available to July
2000.
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Selection criteria:

Meta-analyses that included trials where all or some trials had
¢lusters (groups of individuals) as randormzation units.
Data eollection and snalysis:

Each mets-analysis was sclected snd detail of quantitative
synthesis was evaluated regurding the estimatioo approached for an
overall treatment effect, heterogeneity considerstion snd the
concem of inclusion of clusier-randomized trials, The original
papers of racluded cluster randomized trials of the mcu-cnalym.
which were available, were also ex d for their d.
designs and dats analysis regarding 1o adjustment for the clusicring
effect
Malo resalts:

Twenty-five metn-analyses were reviewed. Fifteen included
wmore than one cluster randomized trial. Each of the fifteen meta-
analyses included cluster randomired trials with a mixture of
randomized designy and units of soalysis. These mixture situations
were not congidered in any of the meta-saalysis. There were three
meta-analyses that attempted to estimate the clustering effects for
some unadjusted cluster randomized trial results before pooling
themn in the synthesis, but were arbitrary epproaches. Fifty-scven
percent of the cluster-randomized trials, which were available,
reporicd their results adjusted for clustering effects.

Conclesions:

No well-cstablishad methods used in the meta-analyses
involving cluster randomized tials have been proposed. The
problems of heterogeneity resuitiog from complex situstions in
rendomized derigne and units of analysis that may be beyond the
heterngencity results obtained from individually rendomized triats
is still to be considered. Thus, issucs in these areas need to be
investigated further.

E-mail: malinec@idau.ac.th

WP157

PERINEAL APPLICATION OF COSMETIC TALC AND RISK
OF INVASIVE EPITHELIAL OVARIAN CANCER: A META-
ANALYSIS OF 11,933 SUBJECTS FROM SIXTEEN
OBSERVATIONAL STUDIES

Hupchagek M,, Kupelnick B.

Meta-analysis Rescarch Group, Stevens Point, WT, United States.

Background;

Priot epidemioclogical studics suggest an sssociztion between
perineal cosmedic talc use and increased risk of ovarian cancer. A
meta-enslysis was performed to evaluate this association,
Methods:

Literature search techniques, swudy inclusion criteria and
statistical procedurcs were prospectively defined. Data from
observational studies were pooled using a general vanance based
meta-analytic method employing confidence intervals. The
outcome of iterest was 8 suramary odds ratio (ORp) reflecting the
risk of ovarian cancer developiment associated with perincal tale
USE VErsus non-use.

Results:

Sixteen studics meeting peotocol inclusion criteria were located
entrolling 11,933 subjects. Pooling all 16 studies yielded a ORp of
1.33(1.16-1.45) suggesting & 33% increased risk of ovarian cancer
with perineal talc use (no statistical beterogeneity was found). The
data showed a lack of a clear dosc-response relationship making
the ORp of questionable validity. Further snalyses showed that
hospital based studies demonstrated no relationship between tale
use and ovarian cances fizk, ie. ORp 1.19(0.99-1.41) versus
population-based studies, 1.38(1.25-1.52). This suggests that
sclection biss and/or uncontrolled confounding may result in a
spurious positive associstion.

Conclwslon:

The available data do nol support the existence of a causal
relationship between perineal talc exposure and an increased risk
of epithelist ovanian canger.

E-mail: metarcscarch@{iotmail.com

WwPiss

HEPATITIS B IMMUNE GLOBULIN FOR PREVENTION OF
POSTTRANSPLANTATION HEPATITIS B (COCHRANE
REVIEW)

Hong Z., Z0u 5., Gac R, Giulivi A.

FPHB, Health Canada, Blood-bome Pathogens Division, CIDPC,
QOttawa, ON, Canada.

Objectives:

Since the carly 19908, hepattis B immune globulin (HBIG) was
used to prevent hepatitis B recurrence for liver transplantation
paticats with previous hepatitis B history. The results of Liver
transplantation  {LT) have improved zignificantly for this
indication.

The objective is to assess he efficacy and sefety of optimum
schedule and duration of HBIG for prevention of post
transplantation hepatitis B infection in patients with pre-
transplantation hepatitis B infoction.

Method:

The review will include mndomized clinical trals (RCTs)
regardless of publication status or langusge. The trials could be
double blind, ringle blind, or not blind. Only trials with a minimum
foilow-up of three months will be included. Patients with liver
transplintation disgnosed as having pre-transplantation hepatitis B
will be included. Patients of gender, any age, or ethnic origin witl
be included. The outcome mdicators include mortality, morbidity,
clearance and recurrence of hepatitis B, adverse event of HBIG
administration.

Results:

We usc the key words " HBIG” and "Liver transplantation”™ as
the key words for our literature search in MEDLINE (1975 - 2002}
and get 120 articles, incfuding 13 reviews (1991-2001).

We use RevMan(4.1) to make statistical analyses. Dichotomous
outcormnes results are expressed as relative risk (RR) with 93%
confidence intervals, Continuous outcomes results are expressed as
weighted mean difference with 95% confidence intervals.

Primary Coaclusions:

I. The regimen of 10,000 [U HBIG administrated during the
anhepatic phase, and during the first postoperative week, then
2,000 1U daily for 3 mooths can reach the best preventive
efficacy;

2. Combination therapy with HBIG and lamivudine appears to
be a promising strategy for prevention of HB recurrence.

E-mail: Zhivong Hongi@hc-sc.ge.ca

WP159

THE MAMMOGRAPHY CONTROVERSY: OUR
UNSUPPORTABLE CLAIMS OF CERTAINTY CATCH UP
WITH US

Phillips C V.

Department of Management and Policy Sciences, University of
Texas School of Public Health, Houston, Texas, United States.

Much of the sound and FRury surrounding the cumrent
mammography controversy is driven by failure to recognize and
quantify our uncertainty. Debates rage about whether 10 accept or
disregard a particular study’s findings based on its quality, ignoring
the fact that o study is either perfect of worthless, Recent findings
should indeed lower our confideace in mammography, perhaps
quite a lot. But the public did not perceive 3 moderatz adjustment
of our point estimate for effectivencss, along with a widening of
our distribution. lnstead they feel like there was & dichotomous
shift: one weck the experts were implying that we bave abschse
proof, snd the next they are claiming tots! ignorance. Indecd, based
on what hax been said in the debate, many of the experts seem Lo
believe this too, Clinicians, with na definitive word from the
rescarch comumunity, incressingly tell patients they st decide
about mammography for themsclves. To pot it bluntly, this means
that despitc decades of rcsearch date, wr have delegated
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PROGRAMME OVERWIEW

MONDAY TUESDAY
(9 Sept.) (10 Sept.)

08:30-17.30 Poster session (PO1-P04) Foyer
08:45-09:00 OPENING
09:00-10:30 | Pre-conference Course 1 Invited Session

Adaptive and Sequential Statistical Modelling (101}  Romanée Conti

Procedures for Clinical ~

Trials Santenay-Chablis

Pre-conference Course 2

Methods for Interval

Censored Data Morey §t. Denis
10:30-11:00 |COFKFEE COFFEE
11:00-12:30 | Pre-conference Course 1 Invited Session

Adaptive and Sequential Sample Size Detenmination

Procedures for Clinical in Clinical Trials (102) Romanée Conti

Trials Santenay-Chablis

Pre-conference Course 2

Methods for Interval

Censored Data Morey St. Denis
12:30-14:60 |LUNCH LUNCH
13:30-14:00 Poster Session Presentation

(PO1-P0O4) Foyer

14:00-15:30 | Pre-conference Course 1 Invited Session

Adaptive and Sequential Thirty Years of the

Procedures for Clinical Cox Model (103) Romanée Conti

Trials Santenay-Chablis
Pre-conference Course 2
Methods for Interval

Censored Data Morey St. Denis

TN e
Contributed Oral Sessions

Survival Models 1 (001) Morey St. Denis

Epidemiclogy | (Q02) Santenay-Chablis
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16.00-17.30 022 SURVIVAL MODELS 5 ‘ Morey St. Denis

0:81 Smits Jacqueline : Who is most in need of a heart transplant ? Validation and calibration of
a prognostic survival model - P. 114 .

0:82 Giorgi Roch, Astruc K, Bolard P, Quantin C, Abrahamowicz M, Faivre J, Gouvernet J :
A @ flexible relative survival regression model using B-splines : application to stomach cancer

-P. 115

0:83 Parrinello Giovanni, Cimino A, Glrelll A, Valentini U, Decarli A : Long-survivors in
Type II diabetes mellitus patients - P. 116

0:84 Ghilagaber Gebrenegus : Correcting for selection biases in evaluating the effects of health

inputs on child survival - P. 117

CONTRIBUTED ORAL SESSIONS

16.00 -17.30 023 STATISTICAL MODELLING 5 Musigny

0:85 Mansmann Ulrich, Friede T : Planning clinical trials with correlated binary response
-P. 118

0:86 Fidler Vaclav : Is occupancy rate of intensive care units related to the mortality ? - P. 119

0:87 Robertson Chris, Mazzetta C, Ecob R : Modelling trends in regional variation - P. 120

0:88 Spiessens Bart, Verbeke G, Komarek A : Classification of longitudinal profiles using
mixtures of normal distributions in nonlinear and generalised linear mixed models - P. 121

16:00 - 17:30 024 CLINICAL TRIALS Romanée Conti

0:89 Posch Martin, Bauer P, Brannath W : Sample size reassessment and estimation in adaptive

' designs - P. 122

0:90 Graveland Wilfried, van Putten WLJ : Obtaining an interim analysis plan in complex
designs using simulation - P. 123

0:91 Franzén Stefan : Fixed length sequential exact confidence intervals for the probability of
response - P. 124

0:92 Miiller Hans-Helge : Sample size recalculation in optimized group sequential designs with

stop in favour of the null-hypothesis - P. 125

16:00-17:30 025 MISCELLANEOUS . Santenay-Chablis
093 Lachenbruch Peter : Protecting an analysis from non-normal data - P. 126
0:94™ Laopaiboon Malinee, Boehning D : Describing heterogeneity in meta-analysis involving
) cluster randomized trials: normality versus nonparametric approach to random effects models
- P 127
0:95 Chappell Rick, Cheung K : Examples of three new designs for Phase 1 cancer clinical trials
- P. 128

CONTRIBUTED POSTER SESSIONS

08:30 - 17:30 P11 SURVIVAL MODELS 2 Foyer

P:58 Kawalec Ewa, Pajak A : Are psychological factors associated with risk of cardiovascular
diseases (CVD) and coronary heart disease (CHD) deaths ? results of the PoiMonica Cracow
project - P. 185

P:59 Biganzoli Elia, Ambrogi F, Boracchi P : Selection of artificial neural network models for sur
. vival data - P. 186
P:60 Hopirtean Vincent, Mejean A, Chauchat J-H, Bazin JP, Roupret M, Hubert B, Balian C,

Chretien Y, Thiounn N, Dufour B : Interest of bootstrapping to analyze and compute the
odds ratio’s confidence intervals in the Cox proportional hazards. Application in bilateral renal
cell carcinoma - P. 187
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DESCRIBING HETEROGENEITY IN META-ANALYSIS INVOLVING CLUSTER
RANDOMIZED TRIALS : NORMALITY VERSUS
NONPARAMETRIC APPROACHES OF RANDOM EFFECTS MODELS

M. Laopaiboon’, D. Boehning*
I Khon Kaen University, Faculty of Public Healih, Department of Biostatistics, Khon Kaen, Thailand
2 Free University, Institute of lnternational Health, Bertin, Germany

Rationale : Most of statistical methods used in meta-analysis assume individual subjects as units of rando-
mization. Meta-analyses involving cluster randomized trials may lead to additional sources of heterogeneity
beyond those elevated by meta-analyses involving only individually randomized trials. The appropriate sta-
tistical analysis to these meta-analyses must take into account potentiat heterogeneity in the cluster randomi-
zed trials. Currently. the general linear mixed model (GLM) has been proposed to explain heterogeneity in
meta-analysis where the treatment effect is measured in binary outcome. Log-relative measure is used as a
response variable. The parameter estimation is based on assumption of normal distribution of random effects.
However, this assumption has been discussed that it may be difficult to verify in meta-analysis situation. In
addition, the treatment effect cannot be measured as random effects. The generalized linear mixed model
(GLMM ) under unspecified distribution of random effects may be an alternative choice that is interesting to
be investigated.

Ohbjective : The purpose of this study is to compare the GLM with the GLMM for describing heterogeneity
in meta-analysis involving cluster randomized trials in binary outcome.

Methods : The two approaches of GLM and GLMM are exemplified in two published meta-analyses invol-
ving cluster randomized trials. The first meta-analysis is done to assess the effectiveness of multiple risk fac-
tor interventions to reduce cardiovascular risk factors from coronary heart disease. Analysis is performed in
the 14 trials included that provided smoking prevalence outcome. The second meta-analysis comprises fewer
trials of 8, which is performed to evaluate the effect of mammographic screening on reduction of breast can-
cer mortality. For each meta-analysis. observed log-relative risks for individual trials are fitted to the GLM as
a continuous response. The trials included are classified to two categories according to randomization units,
clusters and individually. and called randomization design variable. This variable is treated as a covariate of
the model. The mode! parumeters are estimated with the restricted maximum likelthood (REML) under the
normality assumption of random effects via MLwiN software. For the GLMM, observed frequencies of the
outcome for each treatment group are used rather than the observed log-relative risks for individual trials. A
canonical link function of the observed mean proportions is associated with linear predictors model of which
treatment and randomization design are treated as covanates. Here, the treatment effect can be treated as ran-
dom treatment effects. The maximum likelihood estimates of the mode! parameters are obtained non-parame-
trically under a discrete mixture distribution of random effects for K components, which is implemented by
the EM-algorithm procedure via S-plus software. Maximum posterior probability is used to classified trials to
each component.

Results : The two approaches shown that the covariates effects and vanability of random effects from the
models easily explained heterogeneity between trials. Results of numerical example will be presented at the
conference. The GLMM is superior to the GLM in some aspects. The GLMM gives further heterogeneity
information from random treatment effects. In addition, the approach provides component (or subgroup)-spe-
cific treatment effect and trial classification according to the optimal components. This is very useful in fur-
ther explaining the heterogeneily that might be beyond the effects found in the model.

Conclusions: The GLMM approach provides more information for explaining heterogeneity effect in meta-
analyses involving cluster randomized trials. However, care should be taken when interpreting the covariates
effects of the model because inference on these effects obtained from a discrete mixing distribution have not
been ruled out. Nevertheless. the GLMM would be much more efficient when it is applied to large meta-ana-
lyses.
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Meta-analyses involving cluster randomization
trials: a review of published literature in health care

M Laopaiboon Department of Biostatistics and Demography, Khon Kaen University,
Khon Kaen, Thailand

Over the past two decades cluster randomization trials have been increasingly used to evaluate effecuveness
of health care intervention. Such reials have raised several methodologic challenges in analysis. Meta-
analyses involving cluster randomization trials are becoming common in the area of health care inter-
vention. However, as yet there has been no empirical evidence of currenr practice in the meca-analyses.
Thus a review was performed to identify and examine synthesis approaches of meta-analyses involving
cluster randomization trials in the published literature. Electronic databases were searched for meta-
analyses involving cluster randomization trials from the earliest date available to 2000. Once a meta-
analysis was identified, papers on the refevant cluster randomizadion trials included were also requested.
Each of the original papers of cluster randomization trials included was examined for its randomized
design and unit, and adjustment for clustering effect in analysis. Each of the selected meta-analyses was
then evaluated as to its synthesis concerning clustering effect. In total, 25 eligible meta-analyses were
reviewed. Of these, 15 meta-analyses reported simple conventional methods of the fixed-effect mode} as
method of analysis, while Six did not incorporate the cluster randomization trial results in the synthesis
methods but described the trial resules individually. Three meta-analyses attempted to account for the
clustering effect in the synthesis methods but they were in arbitrary approaches. Fifteen meta-analyses
included more than one cluster randomization trial, each of which included cluster randomization trials
with 2 mixture of randomized designs and units, and units of analysis. These mixture situations might
increase heterogeneity, but have not been considered in any meta-analysis. Some methods dealing with a
binary outcome for some specific situations have been discussed. In conclusion, some difficulties in the
quantitative synthesis procedures were found in the meta-analyses involving cluster randomization trials.
Recommendations in the applications of approaches to some specific situations in a binary outcome
variable have also been provided. There are sall, however, severa] methodologic issues of the meta-analyses
involving clusrer randomization trials that need to be investigated further.

1 Introduction

Meta-analysis of trial results is a common tool used in health care research. There is
substantial literature covering the statistical methodology used in meta-analyses. Most
is related to meta-analyses of trials, which randomize individual subjects to receive
treatments.

Throughout the 1990s cluster randomization trials, in which treatments are
randomly assigned to clusters (or groups) of individuals, have become widely used
for the evaluation of health care interventions.!? Such trials raise special methodologic
challenges in analysis. Cluster randomization trials, however, have received little
research attention in the literature on meta-analysis. Thus, to obtain empirical evidence
of recent practices, a review has been conducted of published meta-analyses involving
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cluster randomization tnals. The objective of this review was to describe statistical
approaches for handling heterogeneity and estimation of treatment effects that have
been used in meta-analyses involving cluster randomization trials.

2 Methods

2,1 Study search and identification

An electronic search was performed to find reports in English on meta-analyses
involving cluster randomization trials. We were aware of the difficulty in searching for
reports related to cluster randomization trials because using the keywords “cluster
randomization® might not be able to identify some of the meta-analyses involving such
trials. Therefore, other keywords related to ‘cluster randomization’ were also combined
with the keywords of meta-analyses. These search keywords are presented in Table 1.
The following electronic databases were used: Medline, Health Star, Embase, SClsearch
and the Cochrane Library. The SClsearch database was used to identify further
references that cited the relevant papers. The search was carried out from the first
year of each electronic database to 2000,

Once a meta-analysis was identified, papers on the relevant cluster randomization
trials included were also requested.

2.2 Review process

Each cluster randomization trial was reviewed with respect to designs of randomiza-
tion and adjustment for clustering effect in the analysis. Each meta-analysis was then
reviewed with respect to number of trials included, particularly the number of cluster
randomization trials, types of intervention of interest, outcome measure, methods to
obtain an overall treatment effect, and heterogeneity consideration regarding the
inclusion of cluster randomization trials. The interventions of interest were classified
into three main types, educational, bealth care and screening. The educationa!l inter-
vention referred to the interventions related to health promotion or nontherapeutic
treatments, such as mass media, group behavior therapy, and so on. Health care
intervention referred to the interventions related to therapeutic or preventive treat-
ments, such as routine antenatal care, vitamin A supplementation, and so on. Screening

Table 1 Keywords used for electronic databases searching

1 meta-analysis 11 randomization

2 randomized cantrolled trials 12 randomisation

3 randomised controlled trials 131N ORI ;-

4 {2) CR {3} 14 {10) AND {13}

5 (1) AND {4) 15 (10) AND (4)

§ cluster 16 trials

7 group 17 intervention trials

8 community 18 (18) OR (171

9 field 19 {10} AND {18)
10 (6) QR {7} OR {B) OR {9} 20 (14) OR (15) OR {19}

21 {1 AND {200
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referred to the interventions related to investigation of disease in the general population,
for example mammographic screening, and so on.

3 Results

The search identified 25 eligible meta-analysis reports published between January 1990
and 2000. Sixteen reports were from the Cochrane Library, and two were from the
British Medical Journal. One each of the remaining seven was from the American
Journal of Public Health, American Journal of Tropical Medicine and Hygiene, Bulletin
of the World Health Organization, International Journal of STD&AIDS, Journal of
American Medical Association, Journal of the National Cancer Institute Monographs
and The Medical Journal of Australia, respectively.

Table 2 presents the types of intervention studied and trials included in each of the 25
meta-analyses. Health care interventions formed the majority, accounting for 64%
(16/25) of the meta-analyses. A total of 89 cluster randomization trials and 297
individually randomization trials were included in these 25 meta-analyses. A mean
number of 15 trials was found for individual meta-analyses, ranging from 2 to 41. For
the cluster randomization trials included, a mean of 4, ranging from 1 to 17, was found.
There were 15 meta-analyses that included more than one cluster randomization trial.
The randomized units of cluster randomization trials within the same meta-analysis
were for the most case different. For example, in a meta-analysis on mass media
interventions to prevent smoking among children,® the three included cluster rando-
mization trials were area, school and community as randomized unit, respectively.
Moreover, eligibility criteria at both cluster and individual levels of the trials included in
the same meta-analysis were quite different. These differences among the cluster
randomization trials might lead to extra sources of heterogeneity beyond those already
existing in meta-analyses including only individually randomization trials. Conse-
quently, they might raise more difficulties regarding methodologic issues.

From the 89 cluster randomization trials, 83 original papers could be reviewed. In
two of the remaining six cluster randomization trials, the required information was
extracted from the meta-analyses in which they were included. One of them was an
unpublished paper, and the other was written in Russian. The remaining four cluster
randomization trials could not be accessed as they were referenced incorrectly. We
attempted to search for these four trial papers but did not succeed in accessing
the correct papers. Consequently, a total of 85 cluster randomization trials could be
reviewed. References to the trials reviewed are presented in the Appendix. The
following results were thus based only on the accessible papers.

Twenty-two meta-analyses had a binary endpoint as the primary outcome. One
meta-analysis had binary and continuous endpoints as the co-primary outcomes. Fifteen
meta-analyses reported simple conventional methods of the fixed effect model as method
of analysis. They treated the cluster randomization trial results as individual randomiza-
tion trial results. Six meta-analyses did not incorporate the cluster randomization trial
results in the quantitative synthesis and described the results of cluster randomization
trials separately. Three meta-analyses reported the synthesis methods that account for
clustering effect. One was unclear, as it did not report the synthesis method.
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Table 2 Numbers of individual and cluster randomization trials inctuded for the individual meta-analyses
reviewed

Meta-anaLysis Type of intervention Nurmber of trialg inctuded®
reference
Individua! randomization Cluster randomization

32 Health care 9 )°
26 Health care 1 ) 1
33 Health care 8 12
34 Health care 6 12

4 Screening 7 1#

5 Health care 13 15
27 Health care 14 18
35 Health care 16 17
35 Health care 28 18
28 Educational 39 12

é Screening g 2410

3 Educational 2 q11-13
37 Educational 13 gl
23 Educational 34 3170
38 Educational 38 3152021
39 Health care 10 P
40 Educational 15 4292528
41 Health care 23 42832
42 Health care _ 533-37
16 Health care — 53538
43 Health care 13 54044
30 Educaticnal 2 g179245-48
44 Health care 3 799-84(qyc
10 Health care — 33-39,55
45 Health care 1 1748-52.56-62310
Total 297 8% (5]

"Numbers in parentheses were papers on eluster randomizatlon trlals for which original papers could not be
retrieved. Superscript numbers are references of trials reviewsad, presented in the Appendix.

BPaper is in Russian; its details were extracted from the meta-analysis.

“Missing papers that were Incorrectly referenced.

dReference details provided in reference list.

Details of the randomized design and unit of analysis for each cluster randomization
trial included in each meta-analysis and the combining methods are presented in
Table 3. Here the last three columns were considered together. In the group of 15
meta-analyses that reported simple conventional methods in the quantitative synthesis,
two meta-analyses*” likely provided reasonable evidence because the results of cluster
randomization trials included were analysed as individual unit adjusted for clustering
effect. Nine of the fifteen meta-analyses included cluster randomization trials with a
mixture of different randomized designs: completely randomized, matched-pair rando-
mized and stratified randomized. The cluster randomization trials included in the nine
meta-analyses also had a mixture of different units of analysis, some at claster level and
some at individual level. These mixtures certainly raised additional heterogeneity in the
meta-analyses and needed to be considered in the synthesis procedures. However, none
of these meta-analyses reported any concern regarding heterogeneity that might be due
to cluster randomization trials.

az
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Table 3 Details of individual cluster randomized trials {CRT) far each meta-analysis in terms of randomization
design and analysis level, and combining method of meta-analysis

Meta-analysis Mo. of CRT Randomization Analysis fevel Combining method
reference included design

36
33

5
32

4
35
37
38
39
40
41
16
43
44
45
26
27
28

3
29
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Randomization designs: C, completely randamized; M, matched-pair; S, stratified randomized.

Analysis level: C, cluster; IA, individual adjusted for clustering effect; IU, individual unadjusted for clustering
effect; 1, unclear.

Combining methaod: A, account for clustering effect; D, describe CRT results separately; T, treated CRT resuits
as if of IRT and use fixed effect models; U, unclear method.

*Reasonable methad.

For the six meta-analyses that did not incorporate the results of cluster randomiza-
tion trials into the quantitative synthesis, three included more than one cluster
randomization trial. The trials for each meta-analysis were mixed up with different
randomized designs and units of analysis. These meta-analyses were probably the ones
that used sensible methods because the reviewers were aware of the heterogeneity that
might be due to cluster randomization trials.

Three meta-analyses that included cluster randomization trials with a mixture of
different randomized designs and units of analysis attempted to adjust for clustering
effect in the quantitative synthesis. Details of adjustment for cach meta-analysis are
presented in Table 4. The outcome measures of these three meta-analyses were binary
data. Individual explanations for clustering effect adjustment in the meta-analyses are
outlined in the following three paragraphs.

First was the meta-analysis evaluating the value of mammographic screening for
women under 50 years of age.® It included six individual randomization trials and two
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Table 4 Design of randomization and analyses level of the individual Included cluster randomization trlal
{CRT} of the three meta-analyses managing clustering effect In the combination

Number of CATs reviewed Management of clustering
effect in the combination
Randomized design Analyses level
{A) Meta-analysis on mammographic screening tdals®
Stratified 1 Adjusted at -1 Proposed method of
individual level Mantel-Haenszel by Rao and

Scott® for eclustered binary
data is used in a sensitivity
analysis to examine the

clustering effect of the two

included CRTs
Matched-pair 1 Unadjusted at 4
individual level
Total 2 Total 2
{B] Meta-analysis on vitamin A supplementation™
Completely 6 Adjusted at 3 DerSimonian and Laird
randomized individual level method'! adjusted for
clustering effect by increasing
variance of each pooled
log-odds ratio with a fixed
estimate of 30%
Matched-pair 1 Unadjusted at 4
individual levei
Cluster level . 1 The estimate Iis determined
from some included CRTs
which provided sufficlent
clustering effect
Unciear 1
Total 8 Total 8
{C} Meta-analysis on vitamin A supplementation'®
Completely 4 Adjusted at 2 Mantel-Haensze! method
randomized Individual level adjusted for clustering effect
for each poocied result
differently
Matched-pair 1 Unadjusted at 1 The adjusted effects are
individual level estimated from the external

CRT study done in a similar
topic to the included CRTs

Cluster level 2
Total 5 Total 5

cluster randomization trials. For the two cluster randomization trials, one” used the
design of stratified randomlzauon and individual level as the unit of ana]y31s adjusted
for the clustcrmg effect. The other® used a matched-pair desigit and also individual level
as the unit of analysis, but ignored clustering effect. The applied techmque of Mantel-
Haenszel for clustered binary data, proposed by Rao and Scott,” was used in the
sensitivity analysis. The technique aimed at estimating an overall odds ratio of K 2 x 2
tables of independent clustered data in the binary outcome. By using Rao and Scott’s
method, each included trial of the meta-analysis was taken to represent an independent
group of the clustered binary data. The method required the clustering effect of each
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treatment group for each trial to be adjusted for in the analysis. Since there was less
information on this process in the methodology part of the meta-analysis, it was unclear
exactly how the authors managed this issue. But they reported that each of the two
cluster randomization trial results allowed for the same degree of clustering effect of a
relative 90% (=100(1/design effect)) in the synthesis without any explanation for the
adjustment. This might eievatc the problcm of inappropriate adjustment. Only one
cluster randomization trial” reported the estimate of relative efficiency due to cluster
sampling of 87%. In addition, the six individual randomization trials seemed to be
treated as having one cluster in each arm of the trial. This issue did not satisfy the
requirement of the method, which needed a large number of clusters in each arm of each
trial to provide valid results. Thus Rao and Scott’s method would be inappropriate for
estimating an overall odds ratio of any meta-analysis including a mixture of individual
and cluster randomization trials, which was the case for this meta-analysis.

Second was the meta-analysis assessing the effect of vitamin A supplementation on
child mortality.!® All eight trials included were cluster randomized. Six of them used a
completely randomized design, one used matched-pair and the other reported unclear
information on the randomized design. The analyses were reported at cluster level in
one trial and at individual level in seven trials, of which three trials were adjusted for
clustering effect. The meta-analysis reported the common method of DerSimonian and
Laird,!? which was the random effects model, used to estimate an overall odds ratio.
Each pooled odds ratio was adjusted for clustermg effect by increasing the variance
with an equal estimate of 30%. The report noted that this figure was determined from
some included cluster randomization trials that provided sufficient information on the
clustering effect ranging from 10 to 44%. In fact, the cluster randomization trials were
quite different in terms of types of unit of treatment allocation, such as wards,
household, clusters, villages, districts areas and slums, and number of clusters of each
trial. Thus it seemed to be unfair to account for clustering effect with the same degree
for mdmdual pooled odds ratio. In addition, some results of the cluster randomization
trials’*"!* were already adjusted for clustering effect, and one'* had the result at cluster
level. The approach of adjustment for clustering effects used in this meta-analysis might
be reasonable if the trials included have quite similar units of treatment allocation and
number of clusters of each arm for each trial.

The thu'd meta-analysis was on vitamin A supplementation on childhood pneumonia
mortality.'® This meta-analysis included five cluster randon'uzanon trials, four!??* of
which overlapped with trials of a former meta-analysis.’® Four of these five cluster
randomization trials used a completely randomized design and one used a matched-pair
design. Three of the five trials reported analyses performed at an individual level, two of
them adjusted for clustering effect. The remaining two trials reported analyses
carried out at cluster level. The meta-analysis reported the fixed effect model of the
Mantel-Haenszel method used to pool the results. Individual pooled results were
adjusted for clustering effect by increasing the variances of their odds ratios with
different degrees. The estimates of the adjusted effects were obtained from the meta-
analysis studied by Beaton et al.,'” which was carried out in a related topic to this meta-
analysis. We did not review the Beaton et al. study,!” because it could not be accessed
from any electronic databasc searched by our study. However Donner et al.!
mentioned that Beaton et al.!” used the method of Rao and Scott® in their meta- -analysis
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with satisfaction regarding the method assumption. The adjustment for different
degrees of clustering effects seemed to be a reasonable procedure because the unit of
randomization for cach cluster randomization trial was quite different. However, there
were two trials'>!® that had the results analysed at cluster level and for whether they
needed to be adj usted for clustering effects. Therefore, the two trials are excluded, the
adjustment approach shown in this meta-analysis seemed to be justified.

4 Discussion

In principle, when doing a meta-analysis including individual randomization trial
results, an overall treatment effect could be estimated in a straightforward way if the
valid estimated treatment effects and their variances were provided. This concept could
also be further applied to the meta-analyses that included results from cluster random-
ization trials with the same randomized designs and analysed at individual level
adjusted for clustering effect or at cluster level. Furthermore, even if the cluster
randomization trial results were analysed at individual level not adjusted for clustering
effect, if all information on appropriate clustering effects was available, the results could
be pooled. In practice this was unlikely to happen, as seen in this review.

One simple approach for adjustment of clustering effect in binary outcome was that
of Mantel-Haenszel, proposed for clustered data by Rao and Scott.? This approach
could be applied to ’the meta- -analysis of cluster randomlzanon trials comparing two
treatment groups with a completely randomized design.? Requirements of the approach
that relate to the results of cluster randomization trials were the results analysed at
individual level. In addition, total sample size, count number of treatment outcome and
clustering effect of each treatment group were needed. Furthermore, the method
required a large number of clusters for each treatment group of each individual cluster
randomization trial. It might be impossible, however, to use this approach in real
situations, because all the data required to estimate an overall odds ratio by this
approach are unlikely to be available.

The results show that 44% (11/25) of the meta-analyses reported the methods
considering the clustering effect in the synthesis. This figure was quite low. In addition,
the meta- -analyses that reported estimation approaches adjusted for clustering effect
might provide imprecise estimates of overall treatment effects. Various issues need to be
considered.

It was found that 15 meta-analyses included more than one cluster randomization
trial. The trials included in each of the meta-analyses had various randomized designs,
as shown in Table 3. This was an additional source of heterogeneity and might raise
more difficulties in methodologic issues beyond those already existing in meta-analyses
including only individual randomization trials. Conventional approaches might be
inappropriately used for estimating overall treatment effects from these trial results.
However, this issue was not considered properly in any meta-analysis reviewed and
might lead to inappropriate use of synthesis procedures. This difficulty could possibly
produce imprecise results for the overall treatment effect.

Invalid results obtained from cluster randomization trials, that is, the results without
adjusting for clustering effect, were crucial and led to a difficulty in estimating the
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effects in the meta-analysis including the trial results, especially when the trials did not
report clustering effect information.

The figure of 56.8% (42/74) for the cluster randomization trial results that adjusted
for clustering effect was found in this review. It was interesting that the results reflected
this persistant figure on analys:s of cluster randomization trials, when compared with
the reviews by Donner et al'® in 1990 on cluster randomized nontherapeutic
intervention trials from 1979-1989, and later by Simpson et 2£.2° in 1995 on cluster
randomized primary prevention trials from 1990-1993. They found that $0% (8/16)
and 57.1% (12/21), respectively, took account of clustering effect in the analyses. One
reason might be that the cluster randomization trials reviewed in this study were
performed around the same %enod as those of the previous reviews. In addition, three
cluster randomization trials® in the previous reviews were included in this study.

Recently, some authors®?>™2* have proposed reporting design effects and intra-cluster
correlation when publishing cluster randomization trials. Thus, hopefully, the difficult
situvation mentioned above will be corrected in the near future.

In total, 52% (13/25) of the meta-analyses used inappropriate methods that ignored
clustering effect to combine invalid results of cluster randomization trials. Here, we can
speculate about the reasons. In the first place, 9 out of 13 meta-analyses were obtained
from the Cochrane library and the Cochrane collaboration lacked the appropriate sofrware
to analyse the cluster randomization trial results during the study period. Some authors
were aware of this constraint and wamned readers that the confidence intervals provided
might be too narrow. Secondly, generally there were neither guideline nor proposal
methods to combine cluster randomization trial results. Finally, some meta-analysts
might not know that variation of the estimated outcome obtained from the cluster
randomization trials differed from that of the individually randomization trials and that
this would have an impact on the combined results. However, some appl:()aches involving
binary outcome variables have recently becn gmposed by Donner et al.'

The results show three meta- analyses involving binary endpoints attempting 1o
take clustering effect into account in the analysis in order to solve the problem of invalid
results. The invalid results were due to not adjusting for the clustering effect in analysis
at the individual level. The synthesis artempted to estimate the clustering effects; some
from internal available clustering effect information and some from external clustering
effects. Some unclear issues were still noted. First, no rationale for the methods used to
estimate clustering effects was seen. Secondly, some cluster randomization trials
providing results with appropriate analysis seemed to be forced to adjust for clustering
effect. Thirdly, complex sitmations, different randomized designs, heterogeneity in units
of randomization and variation of the randomization units, and different levels of units
of analysis among the cluster randomization trials included were found, but not taken
into account in the three meta-analyses,

Some limitations of this review are considered. One meta- analysxs satisfied inclu-
sion criteria but was not reviewed because we could not retrieve it from the searched
electronic database. It is, however, mentioned in Donner et al.! that Rao and Scott’s
method was used in the meta-analysis. The method is not different from what we found
in the review. In addition, four incorrect references of cluster randomization trials could
not be accessed. With these limitations we believe the findings of this review could
reflect the recent practice of meta-analyses involving cluster randomization.
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From the difficulties found in the reviewed mera-analysis involving cluster randomi-
zation trials, some suggestions are introduced. The first suggestion focuses on some
specific issues in reporting cluster randomization trials that relate to the informatdon
needed in meta-analysis. The number of clusters assigned to cach treatment group is
required in the report. This is because when the trial has only one cluster for each
treatment arm, variation between clusters is confounded by the treatment effect and
cannot be measured from the trial.?* Consequently, when including this trial in a meta-
analysis, there is a need to adjust for clustering effect from a similar available source.
Unit of analysis must be clearly stated whether at cluster or individual level. If analysis
is performed at individual level, the degree of clustering effects for each treatment group
that is adjusted for in the analysis must be reported. This information is of benefit not
only to the meta-analysis where the trial is included, but also to any future plan for
performing a cluster randomization trial in a related field. There have been, however,
more complete suggestions for reporting trials, provided by Donner and Klar,”® and
Elbourne and Campbell.>?

The second suggestion focuses on the synthesis approach. If the number of cluster
randomization trials included is relatively small and diverse in randomized designs
and units, it might be reasonable to do qualitative synthesis, that is, explaining
individual cluster randomization trials separately as was done in some reviewed meta-
analyses.>?¢~3® Alrernatively, if the number of trials is large, subgroup analyses,
which are meta-analyses on subgroups of the studies, might be sensible when the
categories of interest factors are quite small, for example, three types of randomized
designs: completely randomized, matched-pair and stratified randomized. Some
approaches involving binary outcome wvariable have been proposed by Donner
et all? They are recommended to be used for the included trials involving a
completely randomized design. Advantages and disadvantages of each approach are
also provided. In addition, recommendations of application of the approaches to
combine results from different designs under limitation issues have also been discussed
in the literature.! Furthermore, an alternative approach of the generalized linear
mixed models under the nonparametric maximum likelihood estimator has been
proposed and the models will be much more efficient when they are applied to large
meta-analyses,>!

In conclusion, attempts 10 work on some difficulties due to involving cluster
randomization trials in meta-analyses were seen. Some suggestions on the methods
for meta-analyses of cluster randomization trials measured in a binary outcome have
been proposed.!?! The problem of heterogeneity results from complex situations on
various randomized designs and units, different eligibility criteria at cluster and
individual level, and unit of analysis that might be beyond the heterogeneity results
obtained from individual randomization trials have been found and still needed further
methodologic investigation.
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