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PREFACE

This book is best suited for professionals, teachers, and post-graduate
students in the field of psychiatry and allied fields. The main objective
of writing this book is to introduce the latest meta-analytical methods
developed and applications of suitable ones in the field of psychiatry
with real examples in estimate pattern and prevalence of schizophrenia in
India along with review of software to be used for the same in a precise
and simple manner. The book contains most of the methods developed in
meta-analysis, which are described in simple language and presented in a
systematic and chronological order so that reader can easily understand
the importance of individual methods.

Review of software: The software to be used for meta-analysis has
been reviewed in a systematic way to assist the reader in choosing the
required software. The commands of the software, namely, STATA, have
been used extensively to demonstrate the examples in detail.
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ABSTRACT

Meta-analysis can be defined as a systematic statistical method for
analyzing and synthesizing results from independent studies, taking into
account all pertinent information. Readers of narrative studies face prob-
lems such as lack of detailed description, the process that led to the review,
and hence the readers cannot replicate and verify the results and conclu-
sions of the review. Most effective mechanism for systematic review is
to reduce bias and increase precision, by including maximum possible
number of relevant individual studies and providing a detailed description
of their strengths and limitations. Vote counting is clearly unsound, since
it ignores sample size, effect size, and research design. Meta-analysis is
trying to answer four basic questions, namely, (1) are the results of the
different studies similar and to the extent that they are similar, (2) what is
the best overall estimate, (3) how precise and robust is the estimate, and (4)
can dissimilarities be explained. Exploratory analysis, such as regarding
subgroups of patients who are likely to respond particularly well to a treat-
ment, may generate promising new research questions. Meta-analysis
identifies areas where further studies are needed. Meta-analysis provides
robust evidence and may utilize a less biased sample of evidence. Physi-
cians can now make decisions regarding the use of therapies or diagnostic
procedures on the basis of a single article that synthesizes the findings of
tens or hundreds of clinical studies. The Cochrane Collaboration which is
an international organization involved in preparing meta-analysis of the
effects of interventions in all aspects of health care. The science of meta-
analysis is relevant to clinical and community psychiatry to evaluate the
potential errors and sources of bias and offer guidelines for evaluation. The
statistical basis of meta-analysis reached back to the 17th century wherein
astronomy and geodesy intuition and experience suggested that combina-
tions of data might be better than attempts to choose amongst them. Meta-
analysis has had critics and criticisms over the years. Most prominent of
which is publication bias, which refers to the tendency for journals and
authors not to publish articles on research that has no significant find-
ings. There is a danger that meta-analysis of observational data produce
very precise but spurious results. The complex methods used in meta-
analysis should always be complemented by clinical acumen and common
sense in designing the protocol of a systematic review, deciding what data
can be combined, and determining whether data should be combined.
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Meta-analysis provides an opportunity for shared subjectivity in reviews
rather than true objectivity. Meta-analyses are most easily performed with
the assistance of computer databases and statistical software.

1.1 FEATURES OF META-ANALYSIS
1.1.1 META-ANALYSIS

Meta-analysis can be defined as a systematic statistical method for
analyzing and synthesizing results from independent studies, taking into
account all pertinent information. By synthesizing, scrutinizing, tabu-
lating, and perhaps integrating all relevant studies, meta-analysis allows
a more objective appraisal, which can help to resolve uncertainties when
the original research, classical reviews, and editorial comments disagree.
Meta-analysis is a scientific activity that borrows from both the expert
review and the methodology of multicenter studies (Fisher et al., 1993).
There are varieties of synonyms for meta-analysis used in the literature:
overviews, aggregates, syntheses, integration, amalgamation, pooling, and
combining. Quantitative is the heart of the meta-analysis and combining
results is an essential ingredient in meta-analysis.

1.1.2 NARRATIVE STUDIES

Traditionally, individuals often considered experts in the field who have
conducted narrative reviews of the literature, associated with a particular
field using informal and subjective methods to collect and interpret infor-
mation. Readers of narrative studies face problems such as lack of detailed
description, the process that led to the review, and hence the readers cannot
replicate and verify the results and conclusions of the review.

1.1.3 SYSTEMATIC REVIEWS

Reviews being the product of a scientific process to reduce bias, to increase
precision and by providing detailed information to allow replication by
others. Most effective mechanism for systematic review is to reduce
bias and increase precision, by including maximum possible number of
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relevant individual studies and providing a detailed description of their
strengths and limitations.

1.1.4 VOTE COUNTING METHODS

Once a set of studies have been assembled, a common way to review the
results is to count the number of studies reporting various sides of an issue
and to choose the view receiving the most votes. This procedure is clearly
unsound, since it ignores sample size, effect size, and research design.

1.2 SCOPE AND BENEFITS OF META-ANALYSIS
1.2.1 COMBINE RESULTS

A quantitative systematic review or meta-analysis use statistical methods
to combine the results of multiple studies.

1.2.2 HETEROGENEITY

They are trying to answer four basic questions, namely: (1) Are the results
of the different studies similar and to the extent that they are similar? (2)
What is the best overall estimate? (3) How precise and robust is the esti-
mate? and (4) Can dissimilarities be explained (Lau et al., 1997)?

1.2.3 EXPLORATORY ANALYSIS

Exploratory analysis, such as regarding subgroups of patients who are
likely to respond particularly well to a treatment, may generate promising
new research questions to be addressed in future studies. Meta-analysis
can help us to investigate the relationship between study features and
study outcomes. One can code the study features according to the objec-
tives of the review and transform the study outcomes to a common metric
so that comparison of the outcome is possible.
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1.2.4 IDENTIFICATION OF RESEARCH AREAS

Meta-analysis may demonstrate the level of adequate evidence and this
identifies areas where further studies are needed.

1.2.5 PROVIDING EVIDENCE

Meta-analysis can examine questions, provide formal standard of rigorous
for accumulating evidence from different studies, formulize the process
of policy making, increase statistical power, provide robust evidence, and
may utilize a less biased sample of evidence.

Meta-analysis, if appropriate, will enhance the precision of estimates of
treatment effects, leading to reduced probability of false negative results,
and potentially timely introduction of effective treatments.

1.2.6 BENEFITS OF META-ANALYSIS

Physicians can now make decisions regarding the use of therapies or diag-
nostic procedures on the basis of a single article that synthesizes the find-
ings of tens or hundreds of clinical studies. Scientists in every field can
similarly gain a coherent view of the central reality behind the multifarious
and often discordant findings of research in their areas. Meta-analysis of a
series of small clinical trials of a new therapy often yields a finding on the
basis of which physicians can confidently begin using it without waiting
long years for a massive trial to be conducted.

1.3 SOME EXAMPLES

Sharma et al. (2003) has successfully employed meta-analytical proce-
dures to determine the effect of inhaled steroids on bone mineral density.
Shann (1997) has employed meta-analysis to obtain evidence of trials of
prophylactic antibiotics for children with measles for adequate evidence.
The meta-analysis (Gupta and Gupta, 1996; Gupta, 1997) was performed
to determine the time trend in the prevalence of coronary heart diseases in
India and age and gender specific changes.
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The Cochrane Collaboration which is an international organization
involved in preparing maintaining and disseminating highly structured,
frequently updated, and good quality systematic reviews and meta-anal-
ysis of the effects of interventions in all aspects of health care (Cochrane
Injuries Group Albumin Reviewer, 1998; Kennedy et al., 2002; Olsen and
Gotzsche, 2001).

The national library of medicine defines meta-analysis as a quantitative
method of combining the results of independent studies and synthesizing
summaries and conclusions, which may be used to evaluate therapeutic
effectiveness, plan new studies, etc. with application chiefly in the areas of
research and medicine.

Meta-analyses are based on trials of parallel group design, but some
trials assessing the treatment of interest may use other designs. This is
particularly the case in certain chronic diseases whose treatment is often
evaluated by cross over-trials; typical examples include hypertension,
asthma, or rheumatic diseases. Parallel and cross-over trials both provide
estimates of the same treatment effect (Curtin et al., 2002a,b).

Laird and Ware (1982) have discussed the random effects model for
longitudinal data on health effects of air pollution. Malhotra et al. (2001)
have conducted a meta-analysis of controlled clinical trials comprising
low-molecular-weight heparins with unfractionated heparin in unstable
angina. Pavia et al. (2003) have carried out a meta-analysis of residential
exposure to radon gas and lung cancer. Ezzat et al. (2004) have carried
out a systematic review on the prevalence of pituitary adenomas. Gisbert
et al. (2003) have carried out a systematic review and meta-analysis to
determine prevalence of hepatitis C virus infection in porphyria cuta-
neatarda. Devereaux et al. (2002) have carried out meta-analysis of studies
comprising mortality rates of private for-profit and private for nonprofit
hospitals.

1.3.1 PSYCHIATRIC RESEARCH

The science of meta-analysis is relevant to clinical and community psychi-
atry to evaluate the potential errors and sources of bias and offer guidelines
for evaluation. Meta-analysis is a specific technique that was developed in
social sciences, but was soon adapted as a fundamental tool in psychiatric
research with a number of aims.
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The relevance of meta-analysis to psychiatry stems from one of the
earliest meta-analyses ever undertaken, which evaluated efficiency
of various forms of psychotherapy. Since the 1980s, meta-analysis has
increasingly appeared in the medical literature, and scarcely a month now
passes without the publication of a meta-analysis of relevance to clinical
psychiatry in general medical journals or in mainstream psychiatric litera-
ture (Tharyan, 1998).

Whitehead (1997) has applied a prospectively planned cumula-
tive meta-analysis to a series of concurrent clinical trials. Meta-analysis
permits investigation of generalizability and consistency, improved trans-
parency of methodology, and enhance reproducibility in psychiatry fields.

Harrison et al. (2003) have carried out a meta-analysis to answer the
question whether brain weight is decreased in schizophrenia patients and
concluded that the brain weight is slightly, but significantly, reduced in
schizophrenia, consistent in duration and magnitude with MRI volumetric
findings.

Based on fitting a model to the funnel plot, Shi and Copas (2004)
have discussed a method for random-effects sensitivity analysis that deal
with the problems of heterogeneity and publication bias and applied on
the effect of alcohol on the risk of breast cancer. Hall and Roter (2002)
have conducted a meta-analysis to answer a question: Do patients talk
differently to male and female physicians. Reynolds et al. (2003) have
carried out a meta-analysis and concluded that heavy alcohol consump-
tion increases the relative risk of stroke while light or moderate alcohol
consumption may be protective against total and ischemic stroke.

Ananth et al. (1999) have applied meta-analysis of observational
studies on incidence of placental abruption in relation to cigarette smoking
and hypertensive disorders during pregnancy and concluded an increased
associationship.

Herbert and Cohen (1993) have conducted a meta-analysis and
concluded that clinical depression was associated with several large altera-
tions in cellular immunity.

The meta-analytical approaches have wide applications in making
diagnosis, deciding on the course and method of treatment, predicting the
outcome of treatment, and determining the course of mental disorders in
order to prevent them.
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1.4 HISTORICAL BACKGROUND

The statistical basis of meta-analysis reached back to the seventeenth
century wherein astronomy and geodesy intuition and experience suggested
that combinations of data might be better than attempts to choose amongst
them.

In 1904: Professor Karl Pearson reported the use of formal techniques
to combine data from different studies. G. V. Glass set up a process for
synthesizing research studies that used statistical methods, including the
use of probabilities and effect sizes, for aggregating results.

Late 1970: Two other coherent methods have been formulated as elab-
orations of Glass’s approach. These five separate and coherent methods
are Glassian meta-analysis, study effect meta-analysis, combined prob-
ability meta-analysis, meta-analysis using approximate data pooling with
tests of homogeneity, and meta-analysis using approximate data pooling
with sampling error correction. They indicate the present moment in the
continuing evolution of review methodology and can be distinguishable
on four factors: purpose, unit of analysis, treatment of study variation, and
products of the meta-analysis (Glass, 2000).

In 1976: The same year, that Glass (1976) first coined the term “Meta-
analysis,” Rosenthal published his book “experimental effects in behav-
ioral research,” and Schmidt and Hunter were working on a validity
generalization technique. These three concurrent efforts established three
distinguishable meta-analytic approaches.

In 1984: Hedges and Olkin (1984) have extended the logic of non-
parametric estimators of effect sizes in meta-analysis.

In 1989: Alexander et al. (1989) have developed statistical and empir-
ical examination of the chi-square test for homogeneity of correlations in
meta-analysis. From the statistical point of view, meta-analysis is a straight
forward application of multifactorial methods (Blend, 2000).

In 1990: The foundation of Cochrane Collaboration facilitated
numerous developments (Egger et al., 2001). Researchers have answered
the difficulty by supporting methods to test the statistical significance of
results combined from separate experiments. They sought ways to combine
probability values from tests of significance.

In 1995: Stewart et al. (1995) have conducted a meta-analysis of
published studies to identify factors, which explained variation in esti-
mates of migraine prevalence.
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In 1997: Todd (1997) has investigated the effect of incorporating one
or more sequential trials into a meta-analysis otherwise consisting of fixed
sample size trials.

In 2002: Satagopan et al. (2002) have applied meta-analysis in the esti-
mation of cure, relapse, and success rates of short-course chemotherapy in
the treatment of pulmonary tuberculosis.

In 2005: Reddy and Hanji (2005) have reviewed the application of
meta-analysis in mental health care research.

Meta-analysis is an increasingly popular method for conducting a
research review. Because of its quantitative basis, meta-analysis forces
reviewers to make explicit a range of decisions that might pass unnoticed
in traditional reviews. In exchange, meta-analysis makes possible a more
precise characterization of a research domain.

Atypical meta-analytic package consists of techniques for (a) combining
probabilities across studies, (b) estimating average effect size, (c) deter-
mining the stability of results, and (d) identifying factors that moderate the
outcomes of separate studies. The application of these techniques requires
careful attention to a number of potential problems, including biased selec-
tion of studies, inadequacies in the studies comprising the database for
the review, and violations of the assumptions of meta-analytic statistical
procedures. Notwithstanding these problems, a meta-analysis can advance
both theory and application because of its descriptive, diagnostic, predic-
tive, and generative functions (Strube and Hartmann, 1983).

1.4.1 COCHRANE COLLABORATION

The Cochrane Collaboration was founded in 1993 under the leadership
of lain Chalmers. It was developed in response to Archie’s call for up-to-
date, systematic reviews of all relevant randomized controlled trials of
health care. Cochrane’s suggestion that the methods used to prepare and
maintain reviews of controlled trials in pregnancy and childbirth should
be applied more widely was taken up by the Research and Development
Programme, initiated to support the United Kingdom’s National Health
Service.

In October 1995, the Collaboration formed the Cochrane Consumer
Network to incorporate patient perspectives into the review process. Shortly
thereafter, new “plain language summaries” provided users with a jargon-
free synopsis of each systematic review. The Cochrane Collaboration is
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currently concentrating on capacity building in health research is individ-
uals, groups, and institutions in low- and middle-income countries.

The collaboration formed an official relationship in January 2011 with
the World Health Organization (WHO) as a partner nongovernmental
organization with a seat on the World Health Assembly to provide input
into WHO resolutions. The collaboration is active in providing evidence
for good practice during disaster relief and humanitarian crisis through a
partnership with Evidence Aid.

The collaboration facilitates in organizing medical research informa-
tion in a systematic way according to the principles of evidence-based
medicine as per the requirement of the health professionals, patients, policy
makers, and others in health interventions. The group conducts systematic
reviews of randomized controlled trials of health-care interventions, and
publishes in The Cochrane Library.

1.5 LIMITATIONS OF META-ANALYSIS
1.5.1 PUBLICATION BIAS

Meta-analysis has had critics and criticisms over the years (Eysenck, 1965).
Like most methods, it is not problem-free. Several biases and sources of
error have been identified and debated in the literature, most prominent
of which is publication bias. Publication bias refers to the tendency for
journals and authors not to publish articles on research that has no signifi-
cant findings. Since the reliability of research synthesis rests on all the
effects, including those of no significance, this bias is a vital threat to the
method. This bias, however, has received quite a bit of attention (Sterne
etal., 2001).

1.5.2 GENERAL PROBLEMS

Walker (1999), after recognizing the current problems with meta-analysis,
answered his own question as to whether meta-analysis is really needed.
Yes, because there is no serious alternative for taming medical publica-
tion. Despite the problems it shares with most methods, meta-analysis
has become a well-established and accepted methodology (Moher et al.,
1999).
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1.5.3 WEAKNESS

The systematic differences in meta-analysis have been largely over looked.
It is time they are clarified so the limitations of this approach to research
integration can be more realistically assessed. These differences should
not be taken as evidence of some inherent weakness of meta-analysis. It
is merely a reflection of the natural evolution of a new social scientific
tool. It is rooted in the fundamental values of the scientific enterprise:
replicability, quantification, causal, and correlational analysis. Valuable
information is needlessly scattered in individual studies. The ability of
social scientists to deliver generalizable answers to basic questions of
policy is, too, serious a concern to allow us to treat research integration
lightly. The potential benefits of meta-analysis method seem enormous
(Bangert, 1986).

1.5.4 SPURIOUS RESULTS

There is a danger that meta-analysis of observational data produce very
precise but spurious results. The statistical combination of data should
therefore not be a prominent component of meta-analysis of observa-
tional studies. More is gained by carefully examining possible sources of
heterogeneity between the results from observational studies. When the
purpose of a meta-analysis is to provide estimates of specific effects, then
the criteria for inclusion would be more restrictive than if the objectives
were to model sources of variability. It is not an easy task and requires
careful thought and planning to provide accurate and useful information
(Klassen et al., 1998).

1.5.5 NEED COMMON SENSE

The complex methods used in meta-analysis should always be comple-
mented by clinical acumen and common sense in designing the protocol of
a systematic review, deciding what data can be combined, and determining
whether data should be combined.
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1.5.6 NOT EASY

In observational studies that seek information on disease determinants the
use of a summary risk ratio may be contentious. The evidence available
from observational studies on the casual connection between an expo-
sure and a disease can only be interpreted if much is known about selec-
tion, confounding, and measurement bias. That it may not be possible to
adequately take into account such biases in any individual study nor in
a consistent way across studies (Dwyer et al., 2001; Egger et al., 1998;
Stroup et al., 2000). Meta-analyses are neither quick nor easy (Berman and
Parker, 2002). Meta-analysis is an important contribution to research and
practice but it is not a panacea (Naylor, 1997).

1.5.7 MORE SUBJECTIVE

Meta-analysis provides an opportunity for shared subjectivity in reviews,
rather than true objectivity. Authors of meta-analyses must sometimes
make decisions based on their own judgment, such as when defining the
boundaries of the analysis or deciding exactly how to code moderator
variables. However, meta-analysis requires that these decisions are made
public so they are open to criticism from other scholars. Meta-analysis
is regarded as objective by its proponents but really is subjective. Meta-
analysis relies on shared subjectivity rather than objectivity. While every
analysis requires certain subjective decisions, these are always stated
explicitly so that they are open to criticism.

1.5.8 USE OF COMPUTERS

Meta-analyses are most easily performed with the assistance of computer
databases (Microsoft Access, Paradox) and statistical software (DSTAT,
SAS).

1.5.9 FAIL TO REPORT

Narrative reviews are not well suited for analyzing the impact of moder-
ating variables. Authors of narrative reviews rarely reach clear conclusions
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regarding how methodological variations influence the strength of an
effect. They also typically fail to report the rules they use to classify studies
when looking for the effect of a moderating variable.

KEYWORDS

* narrative studies
* systematic reviews
* vote counting
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ABSTRACT

Defining a hypothesis and determining research questions must be specific
and clear about what you really focus in it. Analytical meta-analysis is
considered to invade the points of estimation, and exploratory meta-
analysis is mainly focused on investigating potential source of hetero-
geneity and may reveal important effect modifiers. There are two basic
approaches to combininge evidence across studies in meta-analysis. One
approach involves testing the statistical significance of combined results
of the collection of studies. The other approach involves estimating an
average treatment effect. The sources of search for literature in meta-anal-
ysis include the published literature, unpublished literature, uncompleted
research reports, and work in progress. Reliance on only published reports
leads to publication bias—the bias resulting from the tendency to publish
results that are statistically significant. Given a vast quantity of heteroge-
neous literature, suitable studies have to be selected for a meta-analysis.
Meta-analysis is a two-stage process. In the first stage, the effect sizes are
collected from each primary study. Methods of quality assessment provide
a systematic approach to describe primary studies and explain heteroge-
neity. A formal approach to decide the ultimate inclusion criteria of a study
may be undertaken by using panel of judges/experts. The internal validity
of a study is the extent to which systematic error (bias) is minimized. The
external validity is the extent to which the results of the study provide
a correct basis for applicability to other circumstances. The first step in
meta-analysis is to prepare a master sheet (data-points table). The first
column in the master sheet consists of the list of selected studies according
to their chronological order of publication. In more complex situations
to understand heterogeneity and its sources, several graphs and diagrams
such as Forest plot, Funnel plot, etc. have been established to use in meta-
analysis. The methods used to pool end-points explain a weighted averages
of the end-points in which the larger studies generally have more influence
than the smaller ones. The methods are based on the assumptions such as
fixed effects and random effects models. It will be advantageous to extend
meta-analysis by applying several additional meta-analysis techniques
such as sensitivity analysis techniques, influence meta-analysis technique,
subgroup meta-analysis technique, and cumulative meta-analysis tech-
nique. In reporting meta-analysis, various implications of the results such
as research implications, clinical implications, economic implications, and
implications for policy making have to be specified.
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2.1 RESEARCH PROBLEMS FOR META-ANALYSIS

Defining a hypothesis and determining research questions must be specific
and clear about what you really focus it.

2.1.1 NEED FOR THE STUDY

Meta-analysis enables researchers to combine the results of many pieces
of research on a topic to determine whether the findings hold generality.
This is better than trying to assume that the finding of a suitable study has
global meaning. The meta-analysis combines systematically the results of
similar but independent studies whenever relevant studies on an interest
have conflicting conclusions.

2.2 TYPE OF META-ANALYSIS
2.2.1 CLASSIFICATION OF LITERATURE

The literature of meta-analysis can be classified as the papers that deal
with methodological and statistical issues, the papers actually carrying out
meta-analysis and the review papers.

2.2.2 ANALYTICAL META-ANALYSIS AND EXPLORATORY
META-ANALYSIS

Analytical meta-analysis is considered to invade the points of estimation,
and exploratory meta-analysis mainly focused on investigating potential
source of heterogeneity and may reveal important effect modifiers.

2.2.3 TWO APPROACHES

There are two basic approaches to combining evidence across studies in
meta-analysis. One approach involves testing the statistical significance of
combined results of the collection of studies. The other approach involves
estimating an average treatment effect. A confidence interval or significant
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test is often used to determine whether the average effect is reliably
different from some hypothetical value. Although the two approaches use
different information from each study, the combined significance tests use
p-values, and combined estimate procedures use measures of effect size,
the methods are clearly related.

2.3 PLAN OF META-ANALYSIS STUDY
2.3.1 LOCATION OF STUDIES

The sources of search for literature in meta-analysis include the published
literature, unpublished literature, uncompleted research reports, and work
in progress. Reliance on only published reports leads to publication bias—
the bias resulting from the tendency to publish results that are statistically
significant (Reddy, 2014).

2.3.2 SELECTION OF STUDIES

Given a vast quantity of heterogeneous literature, suitable studies have to
be selected for a meta-analysis. The inclusion and exclusion criteria relate
to the quality and combinability of patients and outcome.

2.3.3 EFFECT SIZES OF PRIMARY STUDIES

Meta-analysis is a two-stage process. In the first stage the effect sizes (end
points or summary statistics of studies) are collected from each primary
study. The end points may be proportions, mean difference, odds ratio,
Z-value, Cohen’s d, etc. All the studies selected for a meta-analysis may
provide different end points (data points). In such cases, a transformation
to common end point is necessary. It is convenient to transform different
statistics to the correlation coefficient » before proceeding with further
analysis.
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2.3.4 QUALITY ASSESSMENT OF SELECTED STUDIES

Methods of quality assessment provide a systematic approach to describe
primary studies and explain heterogeneity. A formal approach to decide
the ultimate inclusion criteria of a study may be undertaken by using
panel of judges/experts. The quality assessment items include areas such
as the report itself, the study, the patients, the study design, effect size,
etc.

2.3.5 INTERNAL VALIDITY AND EXTERNAL VALIDITY

The internal validity of a study is the extent to which systematic error
(bias) is minimized. The external validity is the extent to which the results
of the study provide a correct basis for applicability to other circumstances.

2.4 STATISTICAL METHODS IN META-ANALYSIS
2.4.1 META-ANALYSIS MASTER SHEETS

The first step in meta-analysis is to prepare a master sheet (data points
table). The first column in the master sheet consists of the list of selected
studies according to their chronological order of publication. The last
column of the table consists of their respective end points in order to
notice the statistical heterogeneity. The information on relevant variables
(quality assessment items) is ensured in the master sheet in order to note
the clinical heterogeneity.

2.4.2 META-ANALYSIS PLOTS

In more complex situations to understand heterogeneity and its sources,
several graphs and diagrams such as Forest plot, Funnel plot, etc. have
been established to use in meta-analysis.
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2.4.3 METHODS FOR POOLING EFFECT SIZES

The methods used to pool end points explain a weighted averages of the
end points in which the larger studies generally have more influence than
the smaller ones. The methods are based on the assumptions such as fixed
effects and random effects models.

2.4.4 ADDITIONAL META-ANALYSIS TECHNIQUES

It will be advantageous to extend meta-analysis by applying several addi-
tional meta-analysis techniques such as sensitivity analysis techniques,
influence meta-analysis technique, subgroup meta-analysis technique, and
cumulative meta-analysis technique.

2.5 REPORTING THE RESULTS

In reporting meta-analysis, various implications of the results such as

research implications, clinical implications, economic implications, and
implications for policy making have to be specified.
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ABSTRACT

The first step in defining your research question is to decide what theoret-
ical constructs to be used as explanatory and response variables. Once you
have determined what effect you want to examine, you must determine the
population in which you want to examine it. The first criterion you must
have is that the studies need to measure both the explanatory and response
variables defining your effect and provide an estimate of their relationship.
You should expect that your list of inclusion and exclusion criteria will
change during the course of your analysis. The first and most important
decision in preparing a review is to determine its focus. This is best done
by asking clearly framed questions. It is often helpful to consider the types
of people that are of interest in two steps. First, define the diseases or
conditions that are of interest. Second, identify the population and setting
of interest. The next key component of a well-formulated question is to
specify the interventions that are of interest. The third key component of
a well-formulated question is the delineation of particular outcomes that
are of interest. Determining the scope of a review question is a decision
dependent upon multiple factors. Narrow questions may result in spurious
or biased conclusions and may not be generalizable. As broad questions
may be addressed by large sets of heterogeneous studies, the synthesis and
interpretation of data may be particularly challenging.

3.1 DEFINITION OF RESEARCH QUESTION

The first step in defining your research question is to decide what theoret-
ical constructs to be used as explanatory and response variables. There are
several things to consider when selecting a hypothesis for meta-analysis:

(1) There should be a significant available literature, and it should be
in a quantifiable form.

(2) The hypothesis should not require the analysis of an overwhelming
number of studies.

(3) The topic should be interesting to others.

(4) There should be some specific knowledge to be gained from the
analysis.
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Some reasons to perform meta-analyses are to establish the presence
of an effect, determine the magnitude of an effect, resolve differences in
literature, and determine important moderators of an effect.

3.1.1 CHOICE OF EFFECT SIZE

If you decide to use the effect size d, you then need to precisely define what
contrast you will use to calculate d. For a simple design, this will prob-
ably be (mean of experimental group—mean of control group). Defining
the contrast also specifies the directionality of your effect size (i.e., the
meaning of the sign). The directionality is automatically determined for
the effect size r once you choose your constructs.

3.2 LIMITING THE PHENOMENON OF INTEREST
3.2.1 POPULATION TO BE STUDIED

Once you have determined what effect you want to examine, you must
determine the population in which you want to examine it. If you are
performing a meta-analytic summary you will often choose very prac-
tical boundaries for your population, such as the experiments reported
in a specific paper. The populations for quantitative literature reviews,
however, should be defined on a more abstract, theoretical level. In the
latter case you, define a specific set of inclusion and exclusion criteria that
studies must meet to be included in the analysis.

The goal of this stage is to define a population that is a reasonable target
for synthesis. You want your limits narrow enough so that the included
studies are all examining the same basic phenomenon, but broad enough
so that there is something to be gained by the synthesis that could not
easily be obtained by looking at an individual study.

When performing a meta-analytic summary you often limit your
interest to establishing the presence of an effect and estimating its size.
However, quantitative literature reviews should generally go beyond this
and determine what study characteristics moderate the strength of the
effect.
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3.2.2 INCLUSION AND EXCLUSION CRITERIA

The first criterion you must have is that the studies need to measure both
the explanatory and response variables defining your effect and provide
an estimate of their relationship. Without this information there is nothing
you can do with a study meta-analytically.

Each additional criterion that you use to define the population of
your meta-analysis should be written down. Where possible, you should
provide examples of studies that are included or excluded by the criterion
to help clarify the rule.

You should expect that your list of inclusion and exclusion criteria will
change during the course of your analysis. Your perception of the literature
will be better informed as you become more involved in the synthesis,
and you may discover that your initial criteria either cut out parts of the
literature that you want to include, or else are not strict enough to exclude
certain studies that you think are fundamentally different from those you
wish to analyze. You should feel free to revise your criteria whenever you
feel it is necessary, but if you do so after you’ve started coding you must
remember recheck studies you’ve already completed.

It is a good practice to keep a list of the studies that turned up in your
initial search but that you later decided to exclude from your analysis. You
should also record exactly what criterion they failed to meet, so that if you
later decide to relax a particular criterion you know exactly what studies
you will need to reexamine, saving you from having to perform an entirely
new literature search.

3.3 KEY COMPONENTS OF RESEARCH QUESTION
3.3.1 RATIONALE FOR RESEARCH QUESTION

The first and most important decision in preparing a review is to determine
its focus (Light and Pillemer, 1984). This is best done by asking clearly
framed questions. Such questions are essential for determining the struc-
ture of a review (Cooper and Hedges, 1994; Hedges and Olkin, 1984).
Specifically, they will guide much of the review process including strate-
gies for locating and selecting studies or data, for critically appraising their
relevance and validity, and for analyzing variation among their results.
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In addition to guiding the review process, a review’s questions and
objectives are used by readers in their initial assessments of relevance.
The readers use the stated questions and objectives to judge whether the
review is likely to be interesting and directly relevant to the issues they
face.

3.3.2 TYPE OF PEOPLE

It is often helpful to consider the types of people that are of interest in
two steps. First, define the diseases or conditions that are of interest.
Explicit criteria sufficient for establishing the presence of the disease
or condition should be developed. Second, identify the population and
setting of interest. This involves deciding whether one is interested in a
special population group determined on the basis of factors such as age,
sex, race, educational status, or the presence of a particular condition
such as angina or shortness of breath. One might also be interested in
a particular setting on the basis of factors such as whether people are
living in the community; are hospitalized, in nursing homes or chronic
care institutions; or are outpatients. Any restrictions with respect to
specific population characteristics or settings should be based on sound
evidence.

3.3.3 TYPE OF COMPARISON

The next key component of a well-formulated question is to specify the
interventions that are of interest. It is also important to define the interven-
tions against which these will be compared, such as the types of control
groups that are acceptable for the review.

3.3.4 TYPE OF OUTCOME

The third key component of a well-formulated question is the delineation
of particular outcomes that are of interest.
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3.3.5 TYPE OF STUDY DESIGN

Certain study designs are superior to others when answering particular
questions. Randomized controlled trials are considered by many the
sine qua non when addressing questions regarding therapeutic efficacy,
whereas other study designs are appropriate for addressing other types of
questions.

3.4 BROAD VERSUS NARROW QUESTION

Determining the scope of a review question is a decision dependent upon
multiple factors including perspectives regarding a question’s relevance
and potential impact; supporting theoretical, biologic, and epidemiolog-
ical information; the potential generalizability and validity of answers to
the questions; and available resources.

3.4.1 NARROW QUESTIONS

Narrowly focused reviews may not be generalizable to multiple settings,
populations, and formulations of an intervention. They can also result in
spurious or biased conclusions in the same way that subgroup analyses
sometimes do.

A narrow focus is at high risk of resulting in biased conclusions when
the author is familiar with the literature in an area and narrows the inclu-
sion criteria in such a way that one or more studies with results that are in
conflict with the author’s beliefs are excluded.

3.4.2 BROAD QUESTIONS

The validity of very broadly defined reviews may be criticized for mixing
apples and oranges, particularly when there is good biologic or socio-
logical evidence to suggest that various formulations of an intervention
behave very differently or that various definitions of the condition of
interest are associated with markedly different effects of the intervention.

Searches for data relevant to broad questions may be more time-
consuming and more expensive than searches relevant to narrowly defined
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questions. As broad questions may be addressed by large sets of heteroge-
neous studies, the synthesis and interpretation of data may be particularly
challenging.

3.5 CHANGING QUESTIONS

Although a certain fluidity and refinement of questions is to be expected in
reviews as one gains a fuller understanding of the problem, it is important
to guard against bias in modifying questions. Post-hoc questions are more
susceptible to bias than those asked a priori, and data-driven questions can
generate false conclusions based on spurious results. Any changes to the
protocol that result from revising the question for the review should be
documented.

KEYWORDS
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ABSTRACT

The formulation of detailed objectives is at the heart of any research
project. This should include the definition of study participants, interven-
tions, outcome, and results. It is prerequisite to define any basic inclu-
sion criteria to assess the methodological quality of comparable studies
and to perform a thorough sensitivity analysis. It is useful to have two
observers checking eligibility of candidate studies with disagreement
being resolved by discussion or a third reviewer. Selection bias can also
occur in making decision about which study to be included and which
study to be excluded from meta-analysis. Ideally, all inclusion criteria are
set before reviewing the studies identified. The source of search for litera-
ture in meta-analysis includes the published literature, unpublished litera-
ture, uncompleted research reports, and work in progress. These are also
different methods of searching the literature. A backward search involves
identifying a publication and then moving to earlier items in the citation.
A forward search identifies a publication and then searches all items that
later cite the publication. All the studies that fit within the criteria should
be located. To provide an accurate estimate of an effect, it is important to
find unpublished articles for analysis. Professional meetings are particu-
larly good way to locate unpublished articles. It is good policy to write to
the first author of each article that you decide to include in your analysis to
see if they have any unpublished research relating to your topic. Research
registers are actively maintained lists of studies centered on a common
theme. Sometimes the number of studies that fit inside your boundaries
is too large for you to analyze them all then choose a random sample of
the studies for coding and analysis. The exclusion of gray literature from
meta-analysis can lead to exaggerated estimates of intervention effective-
ness. A standard strategy would include hand searching of selected journals
and checking the references of all the relevant studies identified. Previous
reviews, whether they include a meta-analysis or not, are often a fruitful
place to look for relevant studies. Foreign studies should be included in
the analysis unless you expect that cross-cultural differences would affect
the results. The electronic searching, conference proceedings, nonindexed
journals would not typically be included. Not all the reports retrieved are
appropriate for inclusion in a meta-analysis. You would be well advised
to make use database program to assist you in this task. Results of smaller
studies can be expected to be more widely scattered around the average.
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The personnel bias exists when some people have economic, social, or
political agenda in order to favor their legislations.

4.1 SETTING INCLUSION AND EXCLUSION CRITERIA
4.1.1 OBJECTIVES

The formulation of detailed objectives is at the heart of any research
project. This should include the definition of study participants, interven-
tions, outcome, and results.

4.1.2 USE OF SENSITIVITY ANALYSIS

Inclusion and exclusion criteria in studies and eligibility criteria can be
defined for the types of studies to be included. They relate to the quality
and to the combinability of patients and outcome. It is prerequisite to
define any basic inclusion criteria to assess the methodological quality of
comparable studies and to perform a thorough sensitivity analysis.

4.1.3 DEGREE OF SUBJECTIVITY

Decision regarding the inclusion and exclusion of individual studies often
involves some degree of subjectivity. It is therefore useful to have two
observers checking eligibility of candidate studies with disagreement
being resolved by discussion or a third reviewer (Egger et al., 2001). A
standard record form is used for the purpose. Data extraction should care-
fully design, piloted, and revised if necessary.

4.1.4 REFINEMENT OF CRITERIA

Selection bias can also occur in making decision about which study to be
included and which study to be excluded from meta-analysis. Ideally, all
inclusion criteria are set before reviewing the studies identified. But it is
not always practical, since investigator may already know the literature
fairly well, and eligibility criteria certainly need refinement based on the
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available information. One might imagine that high quality meta-analysis,
such as those that set eligibility criteria before beginning data collection,
or those that make reviewers to authors and results, might have different
findings than those that did not. This has to be tested by grouping reviewers
using various methodologies and comparing average effect sizes obtained
across reviewers of each type (Dickersin, 2002).

4.2 LITERATURE SEARCH

The source of search for literature in meta-analysis includes the published
literature, unpublished literature, uncompleted research reports, and work
in progress.

4.2.1 PUBLICATION BIAS

Reliance on only published reports leads to publication bias—the bias
resulting from the tendency to publish results that are statistically signifi-
cant. As a first step toward eliminating publication bias, the meta-analysis
needs to obtain information from unpublished research. Registration of
studies at the time they are established could eliminate the risk of publica-
tion bias. Contacts with colleagues, experts in the field, and other informed
channels can also be important sources of information on unpublished and
ongoing studies. Among the published studies, those with higher signifi-
cant results are more likely to be published without delay, more likely to
be cited, and more likely to be published more than once (Schwarzer et
al., 2002; Stroup et al., 2001). Some studies may be impossible to retrieve
and include in a meta-analysis, despite a thorough search of potential data-
base. Publication bias is difficult to eliminate, but some statistical proce-
dures may be helpful in detecting its presence. An inverted funnel plot is
sometimes used to visually explore the possibility that publication bias is
present.

4.2.2 LOCATION OF PUBLISHED REPORTS

The meta-analysis begins with search of regular bibliographic reports,
cited indices and abstracted databases to provide information regarding
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published reports. These publications are retrieved, and the process is
repeated again and again, manual search of databases requiring specifica-
tion of a search statement, and a method of searching.

4.2.3 SEARCH PROCEDURE

These are also different methods of searching the literature. A backward
search involves identifying a publication and then moving to earlier items
in the citation. A forward search identifies a publication and then searches
all items that later cite the publication.

4.3 EXHAUSTIVE SEARCH

All the studies that fit within the criteria should be located. When
performing a meta-analysis commonly you will sometimes know at the
state exactly what studies you want to locate. It needs to perform a detailed
search to locate all the studies that have examined the effect of interest
within the population defined. Search the literature to find possible candi-
dates for analysis using fairly open guidelines. To locate all of the studies
that truly meets the criteria, even if searches also included a large number
of irrelevant studies.

4.3.1 UNPUBLISHED REPORTS

To provide an accurate estimate of an effect, it is important to find unpub-
lished articles for your analysis. Many studies have shown that published
articles typically favor significant findings over nonsignificant findings,
which biases the findings of analysis based solely on published studies.

4.3.2 PROGRAMS FROM PROFESSIONAL MEETINGS

This is particularly good way to locate unpublished articles, since papers
presented at conferences are typically subject to a less restrictive review
than journal articles.
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4.3.3 LETTERS TO ACTIVE RESEARCHERS

It is good policy to write to the first author of each article that you decide
to include in your analysis to see if they have any unpublished research
relating to your topic. When trying to locate people, you may want to
make use of academic department offices/department web pages, alumini
offices (to trace down the authors of dissertations), internet search engines,
and membership guides.

4.3.4 RESEARCH REGISTERS

Research registers are actively maintained lists of studies centered on a
common theme. Currently, there are very few research registers avail-
able for psychological research, but this may changes with the spread of
technology.

4.3.5 SAMPLING OF STUDIES

Sometimes the number of studies that fit inside your boundaries is too
large for you to analyze them all. In this case, you should still perform
an exhaustive search of the literature. Afterward, you choose a random
sample of the studies you found for coding and analysis.

4.4 GRAY LITERATURE

The exclusion of gray literature from meta-analysis can lead to exaggerated
estimates of intervention effectiveness. In general, meta-analysis should
attempt to identify, retrieve, and include all reports, gray and published
that meet predefined inclusion criteria.

4.4.1 HAND SEARCH

A standard strategy would include the search of a computerized database
including the identification of any review articles that might identify
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studies not picked up in the searches, hand searching of selected journals
and checking the references of all the relevant studies identified (Armitage
and Colton, 1998). Elaborate searching of bibliographical database is prob-
ably the most common method used to identify studies. The hand search
is not precise and complete, which forces readers to review thousands of
irrelevant articles of abstract.

If you find that many of your articles are coming from a specific
journal, then you should go back and read through the table of contents of
that journal for all of the years that there was active research on your topic.
You should make use of current contents, a journal containing a listing of
the table of contents of other journals.

4.4.2 REFERENCE LIST OF REVIEW ARTICLES

Previous reviews, whether they include a meta-analysis or not, are often a
fruitful place to look for relevant studies.

4.4.3 FOREIGN STUDIES

Foreign studies should be included in the analysis unless you expect that
cross-cultural differences would affect the results and you lock enough
foreign studies to test this difference.

4.4.4 ELECTRONIC SEARCH

The electronic searching, conference proceedings, nonindexed journals
would not typically be included. Appropriate terms to index observa-
tional studies were introduced in the widely used bibliographic databases
MEDLINE and EMBASE by the mid-1990s. The majority of jour-
nals indexed in MEDLINE are published in the United States, whereas
EMBASE has better coverage of European journals. All studies identi-
fied in the retagging and hand searching projects have been included in
the “The Cochrane Controlled Trials Registers,” which is available in the
Cochrane library on CD-ROM or online.
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4.5 SELECTION OF STUDIES

Not all the reports retrieved are appropriate for inclusion in a meta-
analysis. Some turn out to be having no data of any kind and some have
collected data but report on the data so poorly that they are unusable. Some
are border line cases where the meta-analyst is given enough data that
good detective work allows him to obtain at least an approximate effect
size estimate and significance level. Meta-analysis involves the summa-
rization of data, not of an author’s conclusion, so the previous statements
are of little help to the meta-analyst. However, if the meta-analyst has the
relevant means and standard deviations, he can compute the effect sizes. If
in addition the sample sizes are given, the meta-analyst can also compute
accurate p-values (Rosenthal, 1995).

4.5.1 MASTER CANDIDATE LIST

Performing a comprehensive search of the literature involves working with
a huge amount of information. You would be well advised to make use
database program to assist you in this task. For each study in the master
candidate list you should record.

4.5.2 ANALYSIS OF FURTHER BIAS

It should be vital and integrated part in conducting a meta-analysis. A
statistical test has been proposed for this purpose, namely, the rank corre-
lation test (Begg and Mazumdar, 1994). For this test, the variance of the
treatment effect in each single study is of certain importance. The smaller
the studies are, the larger the random error is, and so too is the variation
in results. Consequently, results of smaller studies can be expected to be
more widely scattered around the average.

4.2.3 PERSONNEL BIAS

The personnel bias exists when some people have economic, social, or
political agenda in order to favor their legislations. These persons want to
incorporate larger favorable data sets in the meta-analysis.
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ABSTRACT

Given a vast quantity of heterogeneous literature, the type of items that
should be collected should include the report of the study, the study itself,
the patients, the research design, the effect size, and the methodological
quality. In the context of a systematic review, the validity of a study is
the extent to which its design and conduct are likely to prevent system-
atic errors or bias. The internal validity of a study is the extent to which
systematic error (bias) is minimized. The external validity is the extent
to which the results of the study provide a correct basis for applicability
to other circumstances. There are many checklists and scales available to
be used as evaluation tools. Quality assessment of individual studies that
are summarized in meta-analysis is necessary to limit bias in conducting
the systematic review, gain insight into potential comparisons, and guide
interpretation of findings. Various sources of bias are selection bias,
performance bias, attrition bias, detection bias, and time-lag bias. There
are two major difficulties with assessing the validity of studies. The first
is inadequate reporting of trials. The second is evidence of a relation-
ship between parameters thought to measure validity and actual study
outcomes.

5.1 QUALITY ASSESSMENT ITEMS

Given a vast quantity of heterogeneous literature, the type of items that
should be collected should include the characteristics on

(1) The report of the study (such as author, year, and source)

(2) The study itself (scope, population)

(3) The patients (demographic factors, clinical features)

(4) The research design (experimental or observational, treatment-
assignment mechanism or sampling mechanism, attrition rate or
nonresponse rate)

(5) The effect size (sample size, nature of outcome, estimates, and
standard error)

(6) The methodological quality (the internal validity and the external
validity).
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5.2 VALIDITY

In the context of a systematic review, the validity of a study is the extent
to which its design and conduct are likely to prevent systematic errors, or
bias (Moher et al., 1999). An important issue that should not be confused
with validity is precision. Precision is a measure of the likelihood of
chance effects leading to random errors. It is reflected in the confidence
interval around the estimate of effect from each study and the weight given
to the results of each study when an overall estimate of effect or weighted
average is derived. More precise results are given more weight.

Variation in validity can explain variation in the results of the studies
included in a systematic review. More rigorous studies may be more likely
to yield results that are closer to the “truth.” Quantitative analysis of results
from studies of variable validity can result in “false-positive” conclusions.
It is important to systematically complete critical appraisal of all studies
in a review even if there is no variability in either the validity or results of
the included studies.

5.2.1 INTERNAL VALIDITY AND EXTERNAL VALIDITY

The internal validity of a study is the extent to which systematic error (bias)
is minimized. Such biases are the selection bias, performance bias, detec-
tion bias, and attrition bias. The external validity is the extent to which
the results of the study provide a correct basis for applicability to other
circumstances. Thus, the internal validity is a prerequisite for external
validity (Jadad et al., 1998).

The readers blinded to the author, source, results, and discussion of
the primary studies make the assessment of the quality of the study. The
end result is a percentage score that may be incorporated into a sensitivity
analysis at the analytical stage. The method of quality assessment provides
a systematic approach to describe primary studies and explain heteroge-
neity. A formal approach to decide the ultimate inclusion status of a study
may be undertaken using a panel of judges/experts.

Inadequate quality of studies may distort the results from meta-
analysis. The use of summary scores from quality scales is problematic.
Results depend on the choice of the scale, and the interpretation of find-
ings is difficult. It is therefore preferable to examine the influence of
individual components of methodological quality. Randomization versus
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nonrandomization, blinding of outcome assessment, and handling of
patients attrition in the analysis should be assessed.

5.3 CHECKLIST AND SCALES

There are many checklists and scales available to be used as evalua-
tion tools, but most are missing important evidence-based items when
compared against the quality of reporting of meta-analyses (QUOROM)
checklist, a gold standard. Beyond the generic features of study design
and conduct, general quality scoring system may have to be supplemented
or replaced with more problem-specific quality items for each particular
meta-analysis. Empirical investigations have shown that studies of worse
quality may overestimate prevalence rates (Hanji and Reddy, 2005a,b).
Juni et al. (2001) have assessed the quality of controlled clinical trials
during their systematic review in health care.

5.3.1 ASSESSMENT OF STUDY QUALITY

Quality assessment of individual studies that are summarized in meta-
analysis is necessary to limit bias in conducting the systematic review,
gain insight into potential comparisons, and guide interpretation of find-
ings. Factors that warrant assessment are those related to applicability of
findings, validity of individual studies, and certain design characteristics
that affect interpretation of results.

Interpretation of results is dependent upon the validity of the included
studies and other characteristics.

5.4 VARIOUS SOURCES OF BIAS

5.4.1 SELECTION BIAS

One of the most important factors that may lead to bias and distort treat-
ment comparisons is that which can result from the way that comparison

groups are assembled. Using an appropriate method for preventing fore-
knowledge of treatment assignment is crucially important in trial design.
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5.4.2 PERFORMANCE BIAS

Performance bias refers to systematic differences in the care provided
to the participants in the comparison groups other than the intervention
under investigation. To protect against unintended differences in care and
placebo effects, those providing and receiving care can be “blinded” so
that they do not know the group to which the recipients of care have been
allocated.

5.4.3 ATTRITION BIAS

Attrition bias refers to systematic differences between the comparison
groups in the loss of participants from the study. It has been called exclu-
sion bias. It is called attrition bias here to prevent confusion with pre-
allocation exclusion and inclusion criteria for enrolling participants.

5.4.4 DETECTION BIAS

Detection bias refers to systematic differences between the comparison
groups in outcome assessment. Trials that blind the people who will assess
outcomes to the intervention allocation should logically be less likely to be
biased than trials that do not.

5.4.5 TIME-LAG BIAS

Studies continued to appear in print media many years after approval by
the ethics committee. The time lag was attributable to difference in the
time from completion to publication. These findings indicate that time-
lag bias may be introduced in meta-analysis even in situations when most
or all trials will eventually be published. Trials with positive results will
dominate the literature and introduce bias for several years until negative
results but equally important results finally appear.
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5.5 LIMITATIONS OF QUALITY ASSESSMENT

There are two major difficulties with assessing the validity of studies. The
first is inadequate reporting of trials (SORT 1994, Schulz 1994, WGRR
1994, Begg 1996). It is possible to assume if something was not reported
it was not done. However, this is not necessarily correct. Authors should
attempt to obtain additional data from investigators as necessary. The
second limitation, which in part evidence of a relationship between param-
eters thought to measure validity and actual study outcomes.
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ABSTRACT

An effect size is a unit-free quantitative measure of the strength of a
phenomenon and independent of sample sizes. While combining effect
sizes in meta-analysis, the standard error of effect-size plays an important
role. As in any statistical setting, effect sizes are estimated with sampling
error and may be biased unless the effect size estimator that is used is
appropriate for the manner in which the data were sampled and the manner
in which the measurements were made. The term effect size can refer to a
standardized measure of effect (such as r, Cohen’s d, and odds ratio), or to
an unstandardized measure (the raw difference between group means). The
first step to meta-analyzing a sample of studies is to describe the general
distribution of effect sizes. An important moderator that has a strong influ-
ence on effect size may be considering separately for its descriptive anal-
yses on each subpopulation.

One should always put effort into interpreting the observed effect sizes.
There are three important effect sizes, namely, the Glass ¢, Cohen’s d and
Hedges gused in standardized difference in means for studies with different
scales. All studies found in the literature may not provide the appropriate
effect sizes. Instead, some may report @-value, P-value, y>-value, or any
other statistics. In such cases, a transformation to a common endpoint is
necessary. The sampling distribution of a correlation coefficient is some-
what skewed, especially if the population correlation is large. It is there-
fore conventional in meta-analysis to convert correlations to z scores using
Fisher’s r-to-z transformation. In between-effects test statistic, if you have
access to the means and standard deviations of your two groups, you can
calculate g from the definitional formula. For a study with binary outcome,
the summary statistics include proportion of events in case of open trials,
and odds ratio, risk ratio, and risk difference in case of controlled studies.

6.1 FEATURES OF EFFECT SIZE

6.1.1 STANDARD ERROR

An effect size is a unit-free quantitative measure of the strength of a
phenomenon and independent of sample sizes. This facilitates measure-

ment of an effect across the groups. While combining effect sizes in meta-
analysis, the standard error (SE) of effect size plays an important role.
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6.1.2 PARAMETER

The term “effect size” can refer to the value of a statistic calculated from a
sample of data, the value of a parameter of a hypothetical statistical popu-
lation, or to the equation that operationalizes how statistics or parameters
lead to the effect-size value.

6.1.3 SAMPLING ERROR

As in any statistical setting, effect sizes are estimated with sampling error
and may be biased unless the effect size estimator that is used is appro-
priate for the manner in which the data were sampled and the manner in
which the measurements were made.

6.1.4 STANDARDIZED EFFECT SIZE

The term “effect size” can refer to a standardized measure of effect (such
as r, Cohen’s d, and odds ratio [OR]) or to an unstandardized measure (the
raw difference between group means). Standardized effect size measures
are typically used when the metrics of variables being studied do not have
intrinsic meaning (a score on a personality test on an arbitrary scale), when
results from multiple studies are being combined, when some or all of the
studies use different scales, or when it is desired to convey the size of an
effect relative to the variability in the population. In meta-analyses, stan-
dardized effect sizes are used as a common measure that can be calculated
for different studies and then combined into an overall summary.

The methods for analyzing effect sizes are the same no matter what
exact definition (mean difference, correlation) we decide to use.

6.1.5 REPORTING EFFECT SIZE

Reporting effect sizes is considered a good practice when presenting
empirical research findings in many fields. The reporting of effect sizes
facilitates the interpretation of the substantive, as opposed to the statistical
significance of a research result. Effect sizes are particularly prominent in
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social and medical research. Relative and absolute measures of effect size
convey different information and can be used complementarily.

6.1.6 EFFECT SIZE DISTRIBUTION

The first step to meta-analyzing a sample of studies is to describe the
general distribution of effect sizes. A good way to describe a distribution
is to report

1. Center of the distribution
General shape of the distribution
3. Significant deviations from the general shape

6.1.7 MODERATORS

One should closely examine any outlying effect sizes to ensure that they are
truly part of the population one wishes to analyze. An important moderator
that has a strong influence on effect size may be considering separately for
its descriptive analyses on each subpopulation.

6.1.8 RAKING THE EFFECT SIZE

One should always put effort into interpreting the observed effect sizes.
This will help in an intuitive understanding of the results. If other meta-
analyses have been performed in related topic areas, one can report the
mean size of those effects to provide context for the interpretation of study
effect. If no other meta-analyses have been performed on related topics,
one can compare the observed effect size to Cohen’s (1992) guidelines as
given below:

Size of effect d r
Small 0.2 0.1
Medium 0.5 0.3

Large 0.8 0.5
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6.2 CONTINUOUS DATA EFFECT SIZE
6.2.1 MEAN DIFFERENCE EFFECT

For a study with continuous outcome, the summary statistics are the mean
response in case of open studies and standardized difference in means for
controlled studies. For a controlled study with continuous outcome, the
results may be presented in a table as shown below.

Groups Mean response  Standard deviation Group size
Intervention m, SD, n,
Control m, SD, n,
Total n

The pooled estimate of standard deviation of the two groups is
computed as

_ |(n,=1)SD; +(n, —1)SD?
. n,+n,—2

In a study with same scale, the difference in means and its SEs are given
by

MD = (m,—m)

D? SD?

SE(MD) = SD; , SDe
e nC

There are three important effect sizes, namely, the Glass “c,” Cohen’s “d”
and Hedges “g” used in standardized difference in means for studies with
different scales.
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6.2.2 GLASS “c”

It is given by

6.2.3 COHEN’S d

It is given by

6.2.4 HEDGES “g”

&7 < ;mC)(l_ 4n3—9) (1_ 4n3—9)

g2

n
SE(9) = \/ non,  2(n—3.94)

It is given by
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6.3 TRANSFORMATION TO EFFECT SIZE “r”

All studies found in the literature may not provide the appropriate effect
sizes. Instead, some may report @-value, p-value, y>-value, or any other
statistics. In such cases, a transformation to a common endpoint is neces-
sary. It is convenient to transform different statistics to the correlation
coefficient “r”” before proceeding with further analysis. The 7 is unit free
and its appropriate SE is given by

SE(F):‘/nig,

The following is a list of formulas to transform several statistics to 7:

(1) =@ in 2 x 2 contingency table.
(2) r=CCin r x k contingency table.
3) r= T 1.25 when T is given.

@4 r= Z/ Jn when z is given or obtained from p-value.

5) r= Iﬁ/(tz + df) when #-value is given or obtained as ¢ = /F .

(6) r=8S,/(SS, +SS,,) in ANOVA table.

(7) r= /a’z/(al2 + 4) when Cohen’s d is given.

®) r= \/”Wzgz/(”l"zgz + nlnzdf) when Hedges “g” is given.

Matt (1989) has analyzed rules for selecting effect sizes and showed
that average effect estimates also varied with the rules. Such results indi-
cate that the average effect estimates derived from meta-analysis may
depend heavily on judgmental factors that enter into how effect sizes are
selected within each of the individual studies considered relevant to a
meta-analysis. Rosenthal and Rubin (1986) have presented a general set
of meta-analytical procedures for combining studies with multiple effect
sizes based on multiple-dependent variables.
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6.3.1 FURTHER TRANSFORMATIONS

The sampling distribution of a correlation coefficient is somewhat skewed,
especially if the population correlation is large. It is therefore conventional
in meta-analysis to convert correlations to z scores using Fisher’s r-to-z

transformation
7 - lln I+r
2 1-r

where In(x) is the natural logarithm function. All meta-analytic calcula-
tions are then performed using the transformed values.

There are several statistics that can be calculated from dichotomous
variables that are related to correlation:

r, (biserial r): This measures the relationship between two continuous
variables when one of them is artificially dichotomized. It is an acceptable
estimate of the underlying correlation between the variables.

r,, (tetrachoric r): This measures the relationship between two contin-
uous variables when both of them are artificially dichotomized. It is also
an acceptable estimate underlying correlation.

r,, (point-biserial r): This measures the relationship between a truly
dichotomous variable and a continuous variable. It is actually a poor esti-
mate of 7, so we usually transform rytor, using the equation:

rpb \/nenc

Z(n+n)

rb=

where z” is the point on the normal distribution with a p-value of 7, / (”e+ n, )
L~ (phi coefficient): This measures the relationship between two truly
dichotomous variables. This actually is an 7.
If you have a ¢ statistic you can calculate T using the formula:

t2

r —_—
pb 2
t"+n,+n, -2

You can then transform 7 into r, using the above equation to get an esti-
mate of 7.
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If you have a 1 df F statistic, you can calculate i using the formula:

o F
AN F4+n, +n, -2

You can then transform T into 7, using equation starting with », to get an
estimate of 7.

If you have a 2 x 2 table for the response frequencies within two truly
dichotomous variables, you can calculate » A from a chi-square test using
the equation:

If you have a Mann—Whitney U (a rank-order statistic) you can calculate
T using the formula:

2U

ne nC

rpbzl—

where n, and n_ are the sample sizes of your two groups. To get an estimate
of 7 you can then transform r  to r, using equation starting with 7,
You can calculate » from g using the equation:

. g’nn,
a gznenc + (ne + nc)(ne +n, —2)

You should always report 7 to 4 decimal places.

Once the primary studies have been collected and coded, the meta-
analyst needs to identify a summary measures common to all studies.
Often the meta-analyst has little control over the choice of the summary
measure because most of the decision is dictated by what was employed
in the primary studies. In many settings, however, different summary
measures will be reported across the primary studies. It now becomes the
job of the analyst to create a summary that is comparable across all the
studies (Normand, 1999). The summary statistics mainly depend upon the
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type of study such as experimental, observational, prognostic, and diag-
nostic in nature.

6.4 TRANSFORMATION TO EFFECT SIZE “g”

In between-effects test statistic, if you have access to the means and stan-
dard deviations of your two groups, you can calculate g from the defini-
tional formula:

where )7e is the mean of the experimental group, }7c is the mean of the
control group, and S is the pooled sample standard deviation.

If you have a between-subjects ¢ statistic comparing the experimental
and control groups,

From the same logic, if you have a between-subjects z-score comparing
the experimental and control groups,

When you have the same number of subjects in the experimental and
control group, this equation resolves to

If you have a 1 numerator df F statistic comparing the experimental and
control groups (we never directly calculate g from F statistics with more
than 1 numerator df),
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F(ne +nc)

n,n

e c

g:

If you have the same number of subjects in the experimental and control
groups, this equation resolves to

LAY
n

The general formula for g in within-subject designs is

o

You can calculate the effect size from within-subjects test statistics using
the formulas:

t
8T

and

If you only have a p-value from a test statistic, you can calculate g if you
know the direction of the finding. The basic procedure is to determine the
test statistic corresponding to the p-value in a distribution table, and then
calculate g from the test statistic.

You can get inverse probability distributions from a number of statis-
tical software packages, including SAS. Even some hand-held calculators
will provide the inverse distribution of the simpler statistics.

While an exact p-value allows an excellent estimate of a test statistic
(and therefore g), a significance level (e.g., p < 0.05) gives a poorer esti-
mate. You would treat significance levels as if it were an exact p-value in
your calculations (e.g., treat p < 0.05 as p = 0.05).
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6.4.1 CALCULATING G FROM DICHOTOMOUS-DEPENDENT
VARIABLES

In case of dichotomous-dependent variables, that is in a 2 X 2 table, then
X* = z,. You may therefore get an unbiased estimate of the effect size from
the equation:

n,+n,

g=x
n,n,

When you have the same number of subjects in the experimental and
control group, this equation resolves to

2
ga/l—
n

You can alternatively calculate the phi-coefficient using the equation:

2
e
n

If one or both levels have more than two levels, you can calculate

2
P= |4~
n+y

6.4.2 MISCELLANEOUS
To calculate g from » you use the formula:

2r

To calculate g from nonparametric statistics you can find the p-value
associated with the test and solve it for ¢.
You should always report g and d statistics to four decimal places.



Effect Sizes of Primary Studies 59

6.5 BINARY DATA

For a study with binary outcome, the summary statistics include proportion
of events in case of open trials and OR, risk ratio (RR), and risk difference
(RD) in case of controlled studies. For a controlled study with a binary
outcome, the results can be presented in a 2 X 2 table as shown below.

Group Event No event Total
Intervention a b n,
Control c d n

6.5.1 ODDS RATIO

The OR is given by

The SE of its logarithm is given by
SE(InOR) = ‘/l+l+l+l
a b ¢ d

6.5.2 RISK RATIO

The RR is given by

The SE of its logarithm is given by

SE(nRR)= L+l 1 L
a ¢ n n
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6.5.3 RISK DIFFERENCE

The RD is given by
RD =(a/n,)-(c/n,)
The SE is given by

SE(RD) = “—[j + %

)
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ABSTRACT

The effect sizes measure along with identification particulars for each
study has to be presented in the form of a table called meta-analysis
master sheet. The important factors influencing the outcome of the studies
have to be presented in order to view the clinical heterogeneity between
studies. Such characteristics are known as moderators. The studies have
to be listed according to chronological order of their publication. A unique
number of every study called identification number has to be included in
the meta-analysis master sheet.

Sometimes there is correlation between the study characteristics with
the effect size. In such cases, these characteristics are called moderators.
We precisely specify exactly how each moderator will be coded. Once the
master sheet is prepared, the meta-analyst should analyze both the moder-
ators, effect sizes with respect to their characteristic distributions such as
the central tendency, degree of scatter, and the shape of the distributions.

7.1 META-ANALYSIS MASTER SHEET

The effect sizes measure along with identification particulars for each
study has to be presented in the form of a table called meta-analysis master
sheet. The important factors influencing the outcome of the studies have to
be presented in order to view the clinical heterogeneity between studies.
Such characteristics are known as moderators. The studies have to be
listed according to chronological order of their publication (Reddy, 2014).

7.1.1 IDENTIFICATION PARTICULARS

A unique number of every study called identification number has to be
included in the meta-analysis master sheet. A short or long reference of
each study is also preferable.

7.1.2 IMPORTANT CHARACTERISTICS AND MODERATORS

A particular researcher’s study quality has to be included. We can use
these either as moderating variables or as basis for exclusion. One good
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way to code quality is to read through a list of validity threats Cook and
Campbell, 1979) and consider whether each might have influenced studies
in the analysis.

It is needed to record information about the overall design of the study
such as assignment of subjects, experimental design, manipulation of
codes, correlation definition and calculation procedures, and its number
of subject that was measured to calculate the correlation. When using
effect size “d,” contrast definition, dependent measure, calculation method
source of means, and source of standard errors have to be recorded.

7.2 MODERATOR ANALYSIS

Sometimes there is correlation between the study characteristics with the
effect size. In such cases, these characteristics are called moderators. The
moderating variables include particulars on major methodological varia-
tion, theoretical constructs, and basic study characteristics.

The test of moderating variables depends a great deal on the distribu-
tion of that variable in your sample. If most of your studies have the same
value on a variable, then a test on that variable will not likely be informa-
tive. We should therefore try to select moderators that possess variability
across sample of studies. The variables that we decide to code as modera-
tors may also change as we learn more about the literature.

7.3 CODING MODERATING VARIABLES

We precisely specify exactly how each moderator will be coded. Some-
times the values that you assign to a moderator variable are fairly obvious,
such as the year of publication. Other times, however, the assignment
requires a greater degree of inference, such as when judging study quality.
You should determine specific rules regarding how to code such “high-
inference” moderators. If you have any high-inference coding that might
be influenced by coder biases you should either come up with a set of low-
inference codes that will provide the same information, or have the coding
performed by individuals not working on the meta-analysis.

We make sure to code all the important characteristics that you think
might moderate your effect. There is a tradeoff, however, in that analyzing
a large number of moderators does increase the chance of you finding
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significant findings where they don’t actually exist. If you have many
moderators you might consider performing a multiple regression analysis
including all of the significant predictors of effect size. The results of the
multiple regressions automatically take the total number of moderators
into account.

7.4 ANALYSIS OF DATA POINTS IN META-ANALYSIS

Once the master sheet is prepared, the meta-analysis should analyze both
the moderators and effect sizes with respect to their characteristic distribu-
tions such as the central tendency, degree of scatter, and the shape of the
distributions. The relationship between the moderators and the effect sizes
have to be determined using either a chi-square test or correlation coef-
ficient test. It is also necessary to check either the relationship is causal or
it may be the action of a third variable.

7.5 NUMERICAL EXAMPLES FROM EPILEPSY STUDY
7.5.1 MASTER SHEET

The master sheet for 47 selected studies for prevalence studies of Epilepsy
in India is presented in Table 7.1.

TABLE 7.1 Studies Selected for Meta-analysis in Prevalence of Epilepsy in India.

S Chief Year State/UT  Locality No.of Average No.of No. Preva-
No. investigator of families family persons of lence
report size cases rate
1 Surya 1964 Pondicherry Semi- 532 5.1 2731 6 220
urban
2 Sethi 1967 UP Urban 300 5.8 1733 2 1.15
3 Gopinath 1968 Karnataka  Rural 82 5.2 423 1 2.36
4 Dube 1970 UP Mixed 6038 49 29468 94  3.19
5  Elnagar 1971 WB Rural 184 7.5 1383 6 434
6 Sethi 1972 UP Rural 500 5.4 2691 6 223
7 Verghese 1973 TN Semi- 539 54 2904 8 2.76

urban
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TABLE 7.1 (Continued)

S Chief Year State/UT  Locality No.of Average No.of No. Preva-
No. investigator of families family persons of lence

report size cases rate
8  Sethi 1974 UP Urban 850 5.3 4481 16 3.57
9  Nandi 1975 WB Rural 177 6.0 1060 11 1038
10 Carstairs 1976 Karnataka  Rural 344 6.2 2126 7 5.68
11 Nandi 1976 WB Rural 177 6.1 1078 11 10.20
12 Nandi 1977 WB Rural 590 4.9 2918 9 3.08
13 Agarwal 1978  Gujarat Urban 200 5.1 1019 5 491
14 Nandi 1978a WB Rural 4717 4.7 2230 15 673
15 Nandi 1978b WB Rural 450 5.0 2250 15 6.67
16 Nandi 1979 WB Rural 609 6.1 3718 17 457
17 Nandi 1980a WB Rural 815 5.0 4053 13 321
18 Nandi 1980b WB Mixed 404 4.6 1862 10 537
19 Isaac 1980 Karnataka  Rural 733 5.7 4203 13 3.09
20 Bhide 1982 Karnataka  Rural - - 3135 15 479
21 Sen 1984 WB Urban 337 6.4 2168 7 3.23
22 Mehta 1985 TN Rural 1195 5.0 5941 44 741
23 Banerjee 1986 WB Urban 205 3.8 771 2 2.59
24 Mathai 1986 TN Mixed - - 45,778 411  8.98
25 Sachdeva 1986 Punjab Rural 376 53 1989 5 2.51
26  Gourie-Devi 1987 Karnataka  Mixed 10,139 5.7 57,660 267 4.63
27 ICMR 1987a Karnataka  Rural - - 35,548 278 7.82
28 ICMR 1987b Gujarat Rural - - 39,655 51 1.29
29 ICMR 1987c WB Rural - - 34582 59 171
30 ICMR 1987d  Punjab Rural - - 36,595 116 3.17
31 Bharucha 1988 Maharashtra Urban 4537 3.1 14,010 66 471
32 Koul 1988  Jammu Rural - - 63,645 157 247

Kashmir

33 Nandi 1992 WB Mixed 353 4.0 1424 6 421
34 Premarajan 1993  Pondicherry Urban 225 4.7 1066 1 0.94
35 Sohi 1993 Chandigarh Urban 2430 5.7 13,968 121  8.66
36 Shaji 1995 Kerala Rural 1094 4.8 5284 27 5.1
37 Das 1996 WB Rural 6500 58 37286 114  3.06

38 Gourie-Devi 1996 Karnataka  Urban 550 5.5 3040 24 790
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TABLE 7.1 (Continued)

SI. Chief Year State/UT  Locality No.of Average No.of No. Preva-
No. investigator of families family persons of lence
report size cases rate
39 Singh 1997 Haryana Rural - - 30,000 126  4.20
40 Borah 1997 WB Rural - - 8010 80  9.99
41 Mani 1997 Karnataka  Rural - 64,936 416 6.41
42 Kokkat 1998 Haryana Rural - - 8595 48 559
43 Nandi 20002 WB Rural 387 5.6 2183 15 6487
44 Nandi 2000b WB Rural 506 6.9 3488 7 2.01
45 Radhakrishnan 2000 Kerala Rural 43,681 55 23,8102 1175 4.94
46 Saha 2003 WB Rural 3594 58 20842 75 3.60

47  Gourie-Devi 2004 Karnataka  Mixed - 10,2557 906  8.83

7.5.2 CODED MASTER SHEET

The codes used while classifying the Epilepsy studies of prevalence in
India based on various attributes are presented in Table 7.2.

TABLE 7.2 Codes Used for Epilepsy Studies of Prevalence in India.

Study Characteristics Codes SI.  Characteristics Codes used
No. used No
1 Domicile 13 Domicile & sex
Rural Rural
D1 Male DSR1
Urban D2 Female DSR2
Semi-urban/Mixed Urban
D3 Male DSU1
2 Region Female DSU2
Northern R1 14 Caste & sex (3)
Eastern R2 Brahmins CSB1
Male
Western R3 Female CSB2
Southern R4 SC CSC1

Male
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TABLE 7.2 (Continued)
Study Characteristics Codes SL.  Characteristics Codes used
No. used No
3 Sex Female CSC2
Male S1
Female S2 ST CST1
Male
4 Age Female CST2
0- Al 15 Age & sex (1)
1- A2 0— Male ASALl
5— A3 Female ASA2
10— A4 5-Male ASBI1
20— AS Female ASB2
30- A6 10-Male ASC1
40— A7 Female ASC2
50— A8 20-Male ASDI1
60— A9 Female ASD2
70— A10 30-Male ASEl
5 Marital status Female ASE2
Single Ml 40—Male ASF1
Married M1 Female ASF2
6 Religion 50-Male ASG1
Hindu R1 Female ASG2
Muslim R2 60—Male ASH1
7 Caste group Female ASH2
Brahmins CG1 16 Age & domicile (1)
SC CQG2 0-9 age
ST CG3 Rural ADAI1
All others CG4 Urban ADA2
8 Literacy level 10-19 age
Illiterate/Primary LL1 Rural ADBI1
Secondary LL2 Urban ADB2
University LL3 20-29 age
9 Occupation Rural ADC1
Children Ol Urban ADC2
Students 02 30-39 age
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TABLE 7.2 (Continued)
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Study Characteristics Codes SL.  Characteristics Codes used
No. used No
House-wives 03 Rural ADDI1
All others 04 Urban ADD2
10 Monthly income 4049 age
Low MI1 Rural ADELl
Middle MI2 Urban ADE2
High MI3 49+ age
11 Family type Rural ADF1
Nuclear FT1 Urban ADF2
Joint FT2
12 Family size
Upto5S FS1
Above 5 FS2
KEYWORDS

master sheet
moderators
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ABSTRACT

Forest plot is a graphical display of results from individual studies on a
common scale. In this plot, the areas of the squares are proportional to
the precision of the estimates and the lines joining the squares represent
the confidence intervals. The funnel plot is a simple scatter plot of the
treatment effects estimated from individual studies on the horizontal axis
against the precision of the estimates on the vertical axis. The publication
bias can be investigated by the use funnel plot. The Begg’s funnel plot
is a simple scatter plot of the standard error of the summary statistics on
the horizontal axis against the summary statistics on the vertical axis.
Galbraith plot is a graphical representation of the reciprocal of the stan-
dard error of each study estimate on the horizontal axis against the ratio
of the summary statistic to its standard error (z-statistics). In Galbraith
radial plot, the estimates from individual studies are plotted against the
reciprocal of their standard errors. A L’ Abbe plot is a scatter plot in which
each point represents a study. With the vertical axis measuring the event
rates in the treatment group and the horizontal axis the event rates in
the control group. L’ Abbe plot is useful to identify studies with differing
results.

8.1 FOREST PLOT

It is a graphical display of results from individual studies on a common
scale. In this plot, the areas of the squares are proportional to the precision
of the estimates and the lines joining the squares represent the confidence
intervals.

It allows a visual examination of the degree of heterogeneity between
studies. It is used to display point estimates and corresponding confidence
intervals for individual studies and the summary estimates. Individual
studies may be displayed in different ordering in the Forest plot such as
the year of study publication, estimated treatment effects, sample size, or
severity of patients included. By doing this, the Forest plot may reveal
systematic patterns about association of treatment effects with other study
characteristics.
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8.1.1 GRAPHICAL REPRESENTATION

The Forest plot prepared while studying a pattern and prevalence of
epilepsy in India based on 47 selected studies to study the heterogeneity
across studies is presented in Figure 8.1.
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FIGURE 8.1 Forest plot depicting prevalence rates of epilepsy in India.
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8.2 FUNNEL PLOT

The Funnel plot is a simple scatter plot of the treatment effects estimated
from individual studies on the horizontal axis against the precision of the
estimates on the vertical axis. Effect estimates from small studies will
scatter more widely at the bottom of the graph, with the spread narrows
among larger studies. In the absence of bias, the plot will resemble a
symmetrical inverted funnel. Publication bias may lead to asymmetry in
Funnel plot. The publication bias must be adjusted and the study results
needed to be coded into a database and the criteria used in accepting or
rejecting a study to be meta-analyzed need to be decided upon.

8.2.1 PUBLICATION BIAS

The publication bias can be investigated by the use Funnel plot. Perhaps
the most common method to detect the existence of publication bias in a
meta-analysis is the Funnel plot (Duval and Tweedie, 2000; Egger and
Smith, 1997).

8.2.2 QUALITY OF DATA

Studies of lower quality also tend to show larger data points. In particular,
studies with inadequate sampling method or less quality assessment scores
may show inflated estimates. Smaller studies are, on average, conducted
and analyzed with less methodological rigor than larger studies. The
Funnel plot should be seen as a generic means of examining “small study
effects” rather than a tool to diagnose specific types of bias.

8.2.3 ILLUSTRATION

The general Funnel plot prepared while studying a pattern and prevalence
of epilepsy in India based on 47 selected studies to investigate publication
bias is presented in Figure 8.2.
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FIGURE 8.2 Funnel plot depicting prevalence studies of epilepsy in India.

8.2.4 BEGG’S FUNNEL PLOT

The Begg’s Funnel plot is a simple scatter plot of the standard error of the
summary statistics on the horizontal axis against the summary statistics on
the vertical axis. This is compatible with a greater statistical power of the
regression test. The horizontal line in this plot indicates the fixed effects
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summary estimate using [V method, while the sloping lines indicate the
expected 95% confidence interval for a given standard error, assuming no
heterogeneity between studies.

8.2.5 ILLUSTRATION

The Begg’s Funnel plot prepared while studying a pattern and prevalence
of epilepsy in India based on 47 selected studies to investigate publication
bias is presented in Figure 8.3.
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FIGURE 8.3 Begg’s Funnel plot depicting prevalence studies of epilepsy in India.
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8.3 GALBRAITH PLOT

It is a graphical representation of the reciprocal of the standard error of
each study estimate on the horizontal axis against the ratio of the summary
statistic to its standard error (z-statistics).

8.3.1 CLINICAL HETEROGENEITY AND STATISTICAL
HETEROGENEITY

It was proposed to detect statistical heterogeneity. Clinical heterogeneity
across the studies included in a meta-analysis is likely to lead to some
degree of statistical heterogeneity in their results. The clinical heteroge-
neity is the differences between the studies in the patient selection, base-
line disease severity, management of intermediate outcome, etc. Thus,
the results of those studies were to some degree incompatible with one
another. Such incompatibility in quantitative results is termed as statistical
heterogeneity.

8.3.2 GALBRAIT RADIAL PLOT

In Galbraith radial plot, the estimates from individual studies are plotted
against the reciprocal of their standard errors. This plot may help to judge
visually which subset of the estimates are consistent with each other or
with some theoretical value (Galbraith, 1988). The extent of heterogeneity
across studies can be visually assessed according to whether individual
studies scatter about a straight line through the origin. In this plot, less
informative studies (with larger standard errors) cluster near the origin,
whereas more informative studies (with smaller standard errors) are
located further away from the origin.

8.3.3 ILLUSTRATION

The Galbraith plot prepared while studying a pattern and prevalence of
epilepsy in India based on 47 selected studies as mentioned in the forest to
detect statistical heterogeneity is presented in Figure 8.4.
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FIGURE 8.4 Galbraith plot depicting prevalence studies of epilepsy in India.

8.4 L'ABBE PLOT

A L’ Abbe plot is a scatter plot in which each point represents a study, with
the vertical axis measuring the event rates in the treatment group and the
horizontal axis the event rates in the control group (L’ Abbe et al., 1987).
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8.4.1 MAIN PURPOSE

As with the Forest plot, L’Abbe plot is useful to identify studies with
differing results. In addition, it enables identification of the study arms
that are responsible for such difference. This may be important for deter-
mining the focus of heterogeneity investigations (Song et al., 2001). The
investigation of heterogeneity in a meta-analysis may focus on individual
study arms (either the intervention arms or the control arms or sometimes
both arms) that show great variation across studies. Each point in the plot
represents the results of study, with a larger point corresponding to a larger
study. The solid diagonal line is the equal line on which the point of a study
would lie when the event rate is same in the two groups. If a study point is
below the equal line, it suggests that the rate of effect in treatment group
is lower than that in the control group. The two dotted lines represent the
overall weighted average effect by pooling the results of all studies (using
the fixed or random effects model).

8.4.2 EXPLORING HETEROGENEITY

The L’Abbe plot is a useful tool, but it may also be used inappropriately,
for example, in some meta-analysis, the L’ Abbe plot has been used to
identify outliers that were excluded one by one until a statistical test of
heterogeneity was no longer statistically significant. In L’Abbe plot,
random variation in the distance between a study point and the overall
line is negatively related to the sample size, and the random variation in
the distance is greatest when the event rates are 50% (Song et al., 2001).
Therefore, to estimate the extent of extra heterogeneity (heterogeneity
that cannot be explained by random variation), it is desirable to adjust the
distances between a study point and the overall line by the study’s sample
size and event rate. It is a graphical representation of observed control
group risk on the horizontal axis against observed intervention group risk
on the vertical axis. It was proposed as a graphical means of exploring
possible heterogeneity.
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ABSTRACT

While synthesizing the effect sizes of two separate studies, the meta-analyst
seeks to compare the results to discover the degree of their actual similarity.
Given two effect sizes that are not significantly different and therefore
combinable on statistical grounds, you may want to determine the effect
size of an effect across studies. The first step to take when combining the
effect sizes of two studies is to calculate » for each and convert each r value
into corresponding Z-scores. If the effect sizes of the two studies are statis-
tically different, it means little sense to average their effect sizes. Although
meta-analysts are usually more interested in effect sizes than p-values, they
sometimes evaluate the overall level of significance as a way of increasing
power. After we compare the results of two separate studies, it is an easy
matter to combine the p-levels. In this way, we get an overall estimate of
the probability that the two p-levels might have been obtained if the null
hypothesis of no relation between X and Y were true.

9.1 COMBINING TWO STUDIES BY EFFECT SIZE
9.1.1 COMPARISON OF TWO STUDIES

In case of synthesizing, the effect sizes of two separate studies, the meta-
analyst seeks to compare the results to discover the degree of their actual
similarity (Rosenthal, 1984). The following steps are involved.

(1) Converting the quoted statistic from both studies, for example, “¢”
or chi square into “7”’s.

(2) Give the calculated “7’s the same sign if both studies show effects
in the same direction, but different signs if the results are in the
opposite direction;

(3) Find for each “7” the associated “Fisher’s z”’ value. Fisher’s z refers
to a set of log transformations of “7.”

(4) Substitute in the following formula to find the Z score:
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(5) If the effect sizes produced by the two evaluated studies do not
differ significantly, they are good candidates for combining. If
a significant difference between effect sizes is found, we should
investigate why the difference exists. You might look at the
methods, materials, sample sizes, and procedures used in each
study, as any or all of these may differ considerably between the
studies and may be likely causes of the different effects.

9.1.2 COMBINING TWO STUDIES

Given two effect sizes that are not significantly different and therefore
combinable on statistical grounds, you may want to determine the effect
size of an effect across studies. The formula to be used again employs the
Fisher’s z-transformation:

Z +22

Meanz orz, =
2

where z, and z, are Fisher’s z scores.

The first step to take when combining the effect sizes of two studies
is to calculate “7” for each and convert each “7”” value into corresponding
Z-scores. If the effect sizes of the two studies are statistically different, it
means little sense to average their effect sizes.

If the results from the studies are in opposite direction, combining

should never be considered.

9.2 COMBINING TWO STUDIES BY SIGNIFICANCE LEVEL

9.2.1 COMPARISON OF TWO STUDIES

Although meta-analysts are usually more interested in effect sizes than
p-values, they sometimes evaluate the overall level of significance as a

way of increasing power. It is again instructive to find out whether the
individual values are homogeneous and therefore combinable.
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9.2.2 TEST OF HOMOGENEITY

For each p-value, the meta-analyst then finds Z (i.e., not the Fisher z, but
the standard normal deviate Z) using the table of Z. Both p-values should
also be one-tailed, and we give the corresponding Z’s the same sign if
both studies showed effects in the same direction, but different signs if the
results are in the opposite direction.

The difference between the two Zs’ when divided by V2 yields a new Z.

This new Z corresponds to the p-value of the difference between the
Z’s if the null hypothesis were true (i.e., if the two Z’s did not really differ).

Recapping,

is distributed as Z, so we can enter this newly calculated Z in a table of
standard normal deviates to find the p-value associated with a Z of the size
obtained or larger.

9.2.3 COMBINING OF TWO STUDIES

After we compare the results of two separate studies, it is an easy matter to
combine the p-levels. In this way, we get an overall estimate of the proba-
bility that the two p-levels might have been obtained, if the null hypothesis
of no relation between X and Y were true. To perform these calculations,
we modify the numerator of the formula for comparing p-values that we
just described. We obtain accurate p-levels for each of our two studies and
then find the Z corresponding to each of these p-levels. Also as before,
both p’s must be given in one-tailed form, and the corresponding Z’s will
have the same sign if both studies show effects in the same direction and
will have different signs if the results are in the opposite direction.

The only change in the previous equation is to add the Z values instead
of subtracting them

Z+z,

2

7 =
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This new Z corresponds to the p-value of the two studies combined if
the null hypothesis of no relation were true.
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ABSTRACT

There are at least three sources of variation to consider before combining
summary statistics across studies. They are inter-study variation, sampling
error among studies, and study-level characteristics. Once the data have
been assembled, simple inspection of the Forest plot is informative. Hetero-
geneity between study results should not be seen as purely a problem for
systematic reviews, since it also provides an opportunity for examining
why treatment effects differ in different circumstances. The sample size
method used for meta-analysis employs a weighted average of the results in
which the larger study generally has more influence than the smaller ones.
Selection of a meta-analysis method for a particular analysis depends on
the type of primary studies, choice of summary statistics, observed hetero-
geneity, the known limitations of the computational methods, and fixed
effects versus random effects model. Fixed effects model is centered on
making inferences for every population that have been sampled, then the
outcomes are considered fixed and the only source of uncertainty is that
resulting from the sampling of people into the studies. Pooling of study
results under sample size method is mainly done under the assumption
that, £ samples are from a normal population. The inverse-variance method
is used to pool binary, continuous, and correlation data. This approach has
wide applicability since it can be used to combine any estimate that has
standard error available. Mantel-—Haenszel methods have been shown to
be more robust when data are sparse, and may therefore be preferable to
the inverse-variance method. In combining odds ratio, an alternative to the
Mantel-—Haenszel method is Peto.

10.1 SOURCE OF VARIATION

There are at least three sources of variation to consider before combining
summary statistics across studies:

(1) Inter-study variation.
(2) Sampling error among studies.
(3) Study-level characteristics may differ among the studies.

There are a variety of statistical techniques available for accounting
these different variations, which can be broadly classified into two models.
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The difference between these models is the way the variability of the results
between the studies is treated. The thoughtful consideration of heteroge-
neity between study results is an important aspect of systematic reviews.
This should start when writing the review protocol, by defining potential
sources of heterogeneity and planning appropriate subgroup analysis.

10.2 HETEROGENEITY

Once the data have been assembled, simple inspection of the Forest plot is
informative. Statistical tests of homogeneity assess whether the individual
study results are likely to reflect a single underlying effects, as opposed
to a distinction of effects. If the test fails to detect heterogeneity among
results, then it is assumed that the differences observed between individual
studies are consequences of sampling variation and simply due to chance.
The overview of the multicenter study suggests that a precondition for
a valid meta-analysis is to test for the homogeneity of results. There are
several statistical methods that allow the researcher to assess the magni-
tude of the problem. In fact, such tests are very informative, creating the
possibility of identifying groups of studies with homogenous outcomes
(Fisher et al., 1993).

10.2.1 TEST OF SIGNIFICANCE

A statistical test for the homogeneity of study means is equivalent to
testing,

H;:0=0 =0,=...=0, against H : At least one 0, is different.

Under H,, for large sample sizes,

Q z (9 eMLE

Follows Chi-square with (k — 1) degrees of freedom
where Oy = zWi 6/ zw,. and w, =1/s’

If H, is rejected, the meta-analysis may conclude that the study means
arose from two or more distinct populations. If H cannot be rejected, the
investigator would conclude that the studies share a common mean 6, and
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estimate ¢ using 6, .. This test of homogeneity has low power to detect
heterogeneity, and therefore it is advisable to take a higher significance

level than usual, that is for example 10%.

10.2.2 REMARKS

Heterogeneity between study results should not be seen as purely a problem
for systematic reviews, since it also provides an opportunity for examining
why treatment effects differ in different circumstances. Careful investiga-
tions of heterogeneity in meta-analysis should increase the scientific and
clinical relevance of their results. Kulinskaya et al. (2004) have devised a
welch-type test for homogeneity of contrast under heteroscedasticity with
application to meta-analysis.

10.3 PRINCIPLES OF POOLING ESTIMATES
10.3.1 IMPORTANCE OF SENSITIVITY ANALYSIS

There are different statistical methods for combining the data in a meta-
analysis, but there is no single correct method. A thorough sensitivity
analysis should always be performed to assess the robustness of combined
estimates to different assumptions, methods, and inclusion criteria and to
investigate the possible influence of bias.

10.3.2 SAMPLE SIZE

The principle that simply pooling the data from different studies and
treating them as one large study would fail to preserve the randomization
and introduce bias and confounding. The results from small studies are
more subjective to the play of chance and should therefore be given less
weight. Hence, the methods used for meta-analysis employ a weighted
average of the results in which the larger studies generally have more
influence than the smaller ones.
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10.3.3 CHOICE OF METHOD

Selection of a meta-analysis method for a particular analysis depends on
the type of primary studies, choice of summary statistics, observed hetero-
geneity, the known limitations of the computational methods, and fixed
effects versus random effects model. It would be a great value if, for each
study entering into a meta-analysis, a single summary statistic could be
computed that incorporate the information from all the effect sizes rele-
vant to the hypothesis being tested (Rosenthal, 1984).

10.4 FIXED EFFECTS MODEL

If interest is centered on making inferences for every populations that have
been sampled, then the outcomes are considered fixed and the only source
of uncertainty is that resulting from the sampling of people into the studies.
This type of variation may be characterized as within-study variation that
is function of the number of people in the primary study and the vari-
ability in the people’s responses within the primary studies. In this case, a
fixed-effects model would be used for statistical inference. Inferences are
similar to those made when performing an ANOVA when there is no inter-
study variation in the mean outcome. The intuition underpinning the fixed
effects model is that other levels of treatments are sufficient like those in
the sample of primary studies that inferences would be same. The popu-
lation to which generalization are to be made consists of a set of studies
having identical characteristics and study effects (Normand, 1999). Thus
the fixed effects model assumes the variability between studies as due
to random variation and individual studies are simply weighted by their
precision. Therefore, if all the studies were infinitely large, they would
give identical results.

10.5 SAMPLE SIZE METHOD

Pooling of study results under fixed effects method is mainly done under
the assumption that, £ samples are from a normal population (Williamson
et al., 2002). Suppose n, from study j (j = 1,2,...,k) are diagnosed for
particular disorder for individual i (i = 1,2,..., n, in study ). We assume
that, prevalence rates p;are from a normal population with unknown mean
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<9j and variance O'f. To pool the results under a fixed effects model, we
assume 6 = 0 and O'f =0 for all j. To estimate # and o2 standard methods

(Williamson et al. 2002) for the pooling of k£ samples from the same normal
population are as follows:

2;”1‘1’] 2;("1‘ B l)sfz‘

0= 11 ithits standard error, O =

le‘:lnf ZI;:I(’Z/ _1)

10.6 INVERSE-VARIANCE METHOD

The inverse-variance method (IV method) is used to pool binary, contin-
uous, and correlation data. This approach has wide applicability, since it
can be used to combine any estimate that has standard error available.
The effect sizes are combined to give a pooled estimate (denoted by 8) by
calculating weighted average of the treatment effects from the individual
studies as follows.

w.0.
Oy = z lll

pRY

where the weights w, are calculated as

1
- SE(8)

i

That is, the weight for the ith study is equal to its precision of the estimate.
The standard error of'is 6, given by

1
SE(6)=—7——

The heterogeneity statistic is given by

0, zzwt(ei _61v)2
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The QO follows chi-square distribution with (k — 1) degrees of freedom,
where k is the number of studies included in the meta-analysis.

10.7 MANTEL-HAENSZEL METHOD

When data are sparse, both in terms of event rates being low and trials
being small, the estimates of the standard errors of the treatment effects
that are used in the inverse variance methods may be poor. Mantel—-
Haenszel methods use an alternative weighting scheme, and have been
shown to be more robust when data are sparse, and may therefore be
preferable to the inverse-variance method. In other situations, they give
similar estimates to the inverse variance method. They are available only
for binary outcomes.

For each study, the effect size from each trial 6, is given weight w, in the
analysis. The overall estimate of the pooled effect 6, is given by

wa@
O =
2
Unlike with inverse variance methods, relative effect measures are

combined in their natural scale, although their standard errors are still
computed on log scale.

10.7.1 COMBINING ODDS RATIO

ith study’s OR is given weight based on the following date structure for
each study.

Study Event No Event Group Size
Intervention a b n,
Control c d n,
Total
bc
W=
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and the logarithm of OR , has standard error given by

I(E F+G H
SE(Ln(OR, ) =, |~| =+ L2 4 2

where

R:za]/vd

S:Zb—]\‘;

(a+d)a/d

10.7.2 COMBINING RISK RATIO

For combining risk ratio, each study’s RR is given weight:

cn,

N

and the logarithm of RR,, has standard error given by

P
SE(Ln(RR =, [——
(Ln(RR ) RXS
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where

(n1 /'n, ((a +c)— acN))
N2

P-3
R:Za—]’:;
S=Zc—;\1]‘

10.7.3 COMBINING RISK DIFFERENCE

For risk difference, each study’s RD has the weight:

nn
W, =
N

and RD,, has standard error given by

[J
SE(RD,;,) = F

where
abn® +c.dn’
J: 2 [t e
2( nln2N2 )

However, the test of homogeneity is based upon the Inverse-variance
weights and not the Mantel-Haenszel weights. The heterogeneity statistic
is given by
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Q,=w, (9,' B GMH)z

where 6, is the log odds ratio, log relative risk, or risk difference.

10.8 PETO METHOD
10.8.1 COMBINING ODDS RATIO

An alternative to the Mantel-Haenszel method is a method due to Peto.
The overall odds ratio is given by

ORPeto = exp(%]
M/l.

where the odds ratio OR is calculated using the approximate Peto method
described in individual trial, and the weight w, is equal to the hypergeo-
metric variance of the event count in the intervention group, v.

The logarithm of the odds ratio has standard error:

1

2

SE(IH(OR Peto ) =

The heterogeneity statistic is given by
2
0=Y,(n(OR,)-In(OR,,,)

The approximation upon which Peto’s method rallies has shown to fail, (1)
when treatment effects are very large and (2) sizes of the arms of the trials
are seriously unbalanced.

Severe imbalances, with, example four or more times as many partici-
pants in one group than the other, would rarely occur in randomized trials.
In other circumstances, including when event rates are very low, the
method performs well. Corrections for zero cell counts are not necessary
for this method.
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ABSTRACT

The fixed-effect model is based on the assumption that there is one true
effect size which is shared by all the included studies. The random-effects
model is based on the assumption that the true effect could vary from study
to study. If inferences were to be generalized to a population in which the
studies are permitted to have different effects and different characteristics,
then a random-effects model would be appropriate. The random-effects
model leads to relatively more weights being given to smaller studies and
to wider confidence intervals than the fixed effects model. The DerSimo-
nian and Laird method of meta-analysis is based on the random-effects
model with the assumption of common effect is relaxed and the effect
sizes are assumed to have a normal distribution with mean 6 and vari-
ance 1°. The maximum likelihood method is considered when variance
of the estimator is assumed as known. Restricted maximum likelihood
method is an approach to estimation that maximizes the likelihood over
a restricted parameter space. Applying Bayesian methods to perform
meta-analysis provides a more informative summary of the data than non-
Bayesian approaches. The major advantage is the ability to incorporate
the uncertainty from our estimates of the true effects in individual studies.
The practice of starting with the fixed-effect model and then moving to
a random-effect model, if Q is statistically significant should be discour-
aged. If the logic of the analysis says that we are trying to estimate a range
of effects, then the selection of a computational model should be based on
the nature of the studies and our goal.

11.1 RANDOM-EFFECTS MODEL

If inferences were to be generalized to a population in which the studies
are permitted to have different effects and different characteristics, then a
random-effects model would be appropriate. The intuition underpinning
random-effects models is that because there are many different approaches
to conducting a study by perturbing the design in a small way, and then
there are many different potential treatment effects that could arise. This
situation corresponds to an ANOVA model in which there is inter-study
variation in the mean outcome in addition to the within-study variation.
Thus, the population in a random-effects model is the one in which there
are infinitely many possible populations (Normand, 1999). Thus, the
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random-effects model assumes different underlying effects for each study
and takes this into consideration as an additional source of variation.

The random-effects model leads to relatively more weights being given
to smaller studies and to wider confidence intervals than the fixed-effects
model. The between study variation 1 places an important role and must
also be estimated. When 1 is zero the random-effects model corresponds
to the fixed-effects model. With binary responses, random and fixed-effect
assumptions may lead to very different conclusions, so that one is no
longer an alternative to the other (Lee, 2002).

11.2 METHODS FOR POOLING ESTIMATES
11.2.1 DERSIMONIAN AND LAIRD METHOD

The DerSimonian and Laird method (DL method) of meta-analysis is
based on the random-effects model. Under the random-effects model, the
assumption of common effect is relaxed, and the effect size 6, are assumed
to have a normal distribution with mean 6 and variance 2. The usual DL
estimate for 1% is given by

0k
r Yo —(X w2 w)

where Q| is the heterogeneity statistic, and the weights w, are calculated as
in the inverse variance method, and k is the number of studies. The 12 is set
to zero if O, < (k — 1). In this approach, the weights for each study-effect
size are as given below.

1
SE(6,) +7°

w =

1

The pooled estimate is given by

9
6, =20 g SE(6,, )=

DL — , ,
zwf zwi
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The heterogeneity statistic and its test of significance are as given in the
IV method. The weights in this method will be smaller and more similar to
each other than the weights in IV method.

When combining results from separate investigations in a meta-anal-
ysis, random-effects methods enable the modeling of difference between
studies by incorporating a heterogeneity parameter 1> that accounts explic-
itly for cross-study variation (Biggerstaff and Tweedie, 1997; Johnson and
Thompson, 1995).

11.2.2 MAXIMUM LIKELIHOOD METHOD

It is shown that the commonly used DL method does not adequately reflect
the error associated with parameter estimation (Brockwell and Gordon,
2001). The maximum likelihood estimation (MLE) method is considered
when variance of the estimator is assumed as known. Then the log likeli-
hood of the estimator will yield the MLE (Normand, 1999). The MLE
being an iterative scheme for estimating 7%, it has to be estimated by
solving the iterative equation (Hardy and Thompson, 1996). According to
Thompson and Sharp (1999), MLE for 1? is given by

Tz_zwfz(g;j)z-%)

1
si+T

Starting with t2= 0, gives initial value for 6 which is equal to 6. This
in turn will yield a new value for 1> (subject to the constraint that negative
values are set to zero). This provides for modified weights w;, leading
to new estimate of 2. The procedure continues until convergence taken
place.

.
where w, =

11.2.3 RESTRICTED MAXIMUM LIKELIHOOD METHOD

Restricted maximum likelihood estimation (REML) is an approach to esti-
mation that maximizes the likelihood over a restricted parameter space.
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While applicable to more general models, it has most often been applied
to the estimation of variance components in a general linear model with
a multivariate normal distribution. It is an alternative to maximum likeli-
hood (ML) estimation, which leads to unbiased estimators.

Essentially, the procedure adjusts for the fact that fixed effects are
unknown when estimating components of variance. In balanced anal-
ysis of variance settings, this takes the form of adjustment in degrees of
freedom. In these settings, the REML estimators of the variances are the
familiar unbiased least square estimators (Cook, 1998).

Patterson and Thompson (1971) introduced REML as a method of esti-
mating variance components in the context of unbiased incomplete block
designs. REML is similar to the ML method, but it first separates the likeli-
hood into two parts: one that contains the fixed effects and the other that
does not.

The REML is often preferred to MLE because it takes account of the
loss of degree of freedom in estimating mean and produces unbiased esti-
mating equations for the variance parameters (Smyth and Verbyla, 1996).
The REML method is for estimating variance components in a general
linear model using the marginal distribution of y where log-likelihood is
to be maximized (Normand, 1999).

The use of REML estimates overcomes the tendency of MLE method
to underestimate variances. In this context, the REML estimate for 12 is
given by (Thompson and Sharp, 1999) allowing a correction factor as per
number of parameters to be estimated.

(5 e -9)-)
PNTS

where 0 and v, are the end point estimate and its variance of ith study.

The REML method deals with linear combinations of the observed
values whose expectations are zero. These “error contrasts” are free of any
fixed effects in the model. In contrast to maximize likelihood estimates,
REML estimates of variances and co-variances are known to be unbiased
(Bob-Baker, 2002).

=
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11.2.4 EMPIRICAL BAYESIAN METHOD

An estimator for 6, can be calculated by substituting the REML estimates
for the hyper-parameters. This type of approximation to the posterior
distribution is known as empirical Bayes (Normand, 1999) has concen-
trated on Empirical Bayes estimate for obtaining > by replacing w> with
w, in REML estimate of 12 and provided the following formula (Thompson
and Sharp, 1999).

231l -9)-)
R

Applying Bayesian methods to perform meta-analysis provides a
more informative summary of the data than non-Bayesian approaches.
Two major advantages are the ability to incorporate the uncertainty from
our estimates of the true effects in individual studies. Standard methods
assume either no between-study heterogeneity (fixed-effects models) or
use the most likely value of the between-study variance 1> (random-effects
models). Both approaches ignore large values than the data might support
for 72, which might substantially change the weighting of the different
studies. Although meta-analysis is often focused on estimating the common
study mean, evaluation of heterogeneity is a crucial part of a meta-analysis
(Antman et al., 1996). Obtaining posterior estimates of study effects can
aid in determining whether studies really are heterogeneous or whether
perceived heterogeneity is an artifact of small sample sizes. Further explo-
ration through meta-regression or individual patient regression may help
uncover important treatment-effect modifiers and causes of between-study
heterogeneity (Duangjinda et al., 2001; Houwelingen et al., 2002; Leonard
and Dufty, 2002; Schmid, 2001; Smith et al., 1995). Nam et al. (2003) have
proposed and evaluated three Bayesian multivariate meta-analysis models.

11.3 DIFFERENCE BETWEEN FIXED AND RANDOM-EFFECTS
MODEL

The fixed-effect model is based on the assumption that there is one true-
effect size which is shared by all the included studies. The random-effects
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model is based on the assumption that the true effect could vary from
study to study. Consequently, in fixed-effects model, a large study would
give the lion’s share of the weight and the small study could be largely
ignored. In random-effects model, larger studies are less likely to domi-
nate the analysis and small studies are less likely to be trivialized.

11.3.1 CHOICE OF THE MODEL

The practice of starting with the fixed-effect model and then moving to a
random-effect model if Q is statistically significant should be discouraged.
If the logic of the analysis says that we are trying to estimate a range of
effects, then the selection of a computational model should be based on the
nature of the studies and our goal. When the researcher is accumulating
data from a series of studies that had been performed by other people, it
would be very unlikely that all the studies were functionally equivalent.

If the study effect sizes are seen as having been sampled from a distri-
bution of effect sizes, then the random-effects model, which reflects this
idea, is the logical one to use. If the between-studies variance is statistically
significant, then the fixed-effect model is inappropriate. However, even
if the between-studies variance does not meet the criterion for statistical
significance, we should still take account of this variance when assigning
weights.

On the other hand, if one has elected to use the fixed-effect model a
priori but the test of homogeneity is statistically significant, then it would
be important to revisit the assumptions that led to the selection of a fixed-
effect model.

KEYWORDS
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ABSTRACT

The predominant difference between an individual patient data meta-anal-
ysis (IPD) and meta-analysis based on aggregate data is that the combined
study results from a central re-analysis of the raw data from each study. The
IPD meta-analyses involve the collaboration of the investigators. Analyst
can use IPD to examine and update trial data and to carry out time-to-event
analysis. The summary statistics can be calculated for specific groups of
patients and thus subgroup analysis can also be produced. The problem of
ecological fallacies may be avoided in meta-analysis using IPD. Ecolog-
ical fallacy refers to a situation where an average estimate for a group is
not valid to the individual patients. Multivariate regression analysis using
IPD may provide results that are directly relevant to individual patients.
However, meta-analysis using individual patient data is much more expen-
sive to conduct.

12.1 FEATURES OF INDIVIDUAL PATIENT DATA META-
ANALYSIS

The predominant difference between an individual patient data meta-anal-
ysis (IPD) and meta-analysis based on aggregate data is that the combined
study results from a central reanalysis of the raw data from each study. The
necessary data items are sought and, after central processing, any inconsis-
tencies or problems are discussed and hopefully resolved by communica-
tion with the responsible investigators. The finalized data for each study
summary statistics, which are combined to give an overall estimate of the
effect of treatment. In this way, participants are only directly compared
with others in the same study and the entire dataset is not pooled as though
it came from a single homogeneous study.

The IPD meta-analysis is based on the basic approaches and methods
of meta-analysis. The IPD meta-analysis calculates the common summary
tables and statistics for each study and the same method of analysis is used
for all the studies.
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12.2 ADVANTAGES OF IPD META-ANALYSIS
12.2.1 COMMUNICATION WITH INVESTIGATOR

The IPD meta-analyses involve the collaboration of the investigators.
These include more complete identification and understanding of the
studies, better compliance with providing missing data, more balanced
interpretation of the results of the review, wider endorsement and dissemi-
nation of these results, a broader consensus on the implications for future
practice and research, and possible collaboration in such research. The
quality of the randomization in meta-analysis is ensured through detailed
data checking, and iterative correction of errors by communication with
the investigators. The basic data used in meta-analysis is updated by
follow-up information through patient record systems.

12.2.2 TIME TO EVENT DATA

Analyst can use IPD to examine and update trial data and to carry out
time-to-event analysis.

12.2.3 SUBGROUP META-ANALYSIS

The summary statistics can be calculated for specific groups of patients
and thus subgroup analysis can also be produced.

12.2.4 AVOIDING ECOLOGICAL FALLACIES

The problem of ecological fallacies may be avoided in meta-analysis using
IPD. Ecological fallacy refers to a situation where an average estimate for
a group is not valid to the individual patients.

12.2.5 MULTIVARIATE ANALYSIS

Multivariate regression analysis using IPD may provide results that are
directly relevant to individual patients (Lau et al., 1998).
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12.2.6 WIDE APPLICATIONS

The IPD meta-analysis has been used in large-scale collaborative over-
views in which data from all randomized trials in a particular disease area
are brought together and also in more restricted reviews in which data
from a relatively small number of trials assessing a specific healthcare
intervention are collected and combined.

12.2.7 INTENTION-TO-TREAT PRINCIPLE

As with any systematic review the fundamental principle for one which
uses IPD is that as much as possible of the relevant, valid evidence is
included. This means that the process of identification must be as thor-
ough as possible and that the attempts to collect data must be equally thor-
ough. The ultimate aim should be that all randomized participants, and no
non-randomized participants, from all relevant studies are included and
that they are analyzed using the intention-to-treat principle. In this way,
systematic biases and chance effects will be minimized.

12.2.8 DATA COLLECTION

The data collection should be kept simple and straightforward, with the
minimum amount of data being collected for the required analyses. It
should be as easy as possible for the investigators to supply their data,
since this should increase the likelihood that data will be received for all
relevant studies.

Investigators should know that data supplied for the review will be
held in confidence and will not be used for any other purpose without their
permission, and that the reports of the review will be published in the names
of the collaborating investigators rather than the central cocoordinators.

12.3 LIMITATIONS

However, meta-analysis using IPD is much more expensive to conduct. If
important covariates have not been collected in primary studies, investiga-
tion of heterogeneity will also be limited in meta-analysis using IPD.
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ABSTRACT

Meta-analysis of observational studies is also common in psychiatry
research. Observational studies yield estimates of association that may
deviate from true underlying relationship beyond the play of chance. This
may be due to the effects of confounding factors, bias or both. Consider-
ation of possible sources of heterogeneity between observational studies
results will provide more insights than the mechanistic calculation of an
overall measure of effect, which may often be biased. Meta-analysis of
evaluation of prognostic variables has a higher risk of missing studies
than for randomized trials. Most of the prognostic studies are found to be
methodologically poor. It is more difficult to identify all prognostic studies
by literature search than for randomized trials. Many studies seek parsi-
monious prediction models by retaining only the most important prog-
nostic factors. If the prognostic variable is continuous, the risk of an event
would usually be expected to increase or decrease systematically as the
level increases. The method of analysis for pooling values across several
studies will depend on whether the prognostic variable is binary, categor-
ical, or continuous. In case of time to event data, the data is analyzed using
survival analysis method-most often the log-rank test for simple compari-
sons on Cox regression for analysis of multiple predictor variables. Some
meta-analysis studies consider the set of research studies where the aim
was to investigate many factors simultaneously to identify important risk
factors. Statistical power is rarely discussed in studies of diagnostic accu-
racy as they do not compare two groups, and they do not formally test
hypotheses. The choice of a statistical method for pooling results depends
on the source of heterogeneity, especially variation in diagnostic thresh-
olds. There is also one important extra source of variation to consider in
meta-analysis of diagnostic accuracy: variation introduced by changes in
diagnostic threshold. Sensitivities and specificities, and positive and nega-
tive likelihood ratios, can be combined into the same single summary of
diagnostic performance, known as the diagnostic odds ratio. If there is any
evidence that the diagnostic threshold varies between the studies, the best
summary of the results of the studies will be an ROC curve rather than
a single point. The simplest method of combining studies of diagnostic
accuracy is to compute weighted averages of the sensitivities, specifici-
ties, or likelihood ratios. Likelihood ratios are ratios of probabilities and
in a meta-analysis can be treated as risk ratio. A weighted average of the
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likelihood ratios can be computed using the standard Mantel-Haenszel or
inverse variance methods of meta-analysis of risk ratios.

13.1 OBSERVATIONAL META-ANALYSIS STUDIES

The previous chapters dealt with meta-analysis aspect of randomized
trials. Meta-analysis of observational studies is also common in psychi-
atry research. Most of them are based on cohort and case-control studies
(Egger et al., 2001).

13.1.1 NEED FOR OBSERVATIONAL STUDIES

Etiological hypothesis cannot generally be tested in randomized experi-
ments. The evidence that is available from clinical trials will rarely answer
many important questions. Such an adverse effect occurring later will not
be identified; women, the elderly, and minority ethnic groups are often
excluded from randomized trials. It is impossible to recruit sufficient
patients into control trials. Meta-analysis may be attractive to reviewers in
etiological epidemiology and observational effectiveness research.

13.1.2 CONFOUNDING AND BIAS

In observational studies, which yield estimates of association that may
deviate from true underlying relationship beyond the play of chance. This
may be due to the effects of confounding factors, bias, or both.

13.1.3 SPURIOUS FINDINGS

Epidemiological studies produce a large number of specific associations
but some of them will be spurious. Bigger being better is fallacy in obser-
vational studies. The main problem is not lack of precision but that some
studies produce findings that are seriously biased or confounded. Meta-
analysis of observational studies may often unknowingly produce light
confidence intervals around biased results.



114 Meta-Analysis in Psychiatry Research

13.1.4 EXPLORING SOURCES OF HETEROGENEITY

The statistical combination of studies should not be a prominent compo-
nent of meta-analysis of observational studies. Through consideration of
possible sources of heterogeneity between observational studies results
will provide more insights than the mechanistic calculation of an overall
measure of effect, which may often biased.

13.2 EVALUATION OF PROGNOSTIC VARIABLES
13.2.1 FEATURES

Meta-analysis of evaluation of prognostic variables has a higher risk of
missing studies than for randomized trials. Prognostic variables should be
evaluated in a representative sample of patients assembled at a common
point in the course of the disease. Ideally, they should all have received the
same medical treatment (Egger et al., 2001).

13.2.2 IMPORTANCE OF IPD

Most of the prognostic studies are found to be methodologically poor, in
particular in relation to the analysis of continuous prognostic variables.
Meta-analysis of prognostic studies using individual patient data (IPD)
may overcome many of these difficulties. Access to IPD is therefore highly
desirable to allow comparable analysis across studies.

13.2.3 DETERMINATION OF PROGNOSTIC VARIABLES

Prognostic studies take various forms. Some studies investigate the prog-
nostic value of a particular variable, while others investigate many vari-
ables simultaneously. To evaluate which are prognostic are to develop a
prognostic model for making prognosis for individual patients. It is not
always easy to discern the aims of a particular study. Also, substudies are
carried out to try to identify variables that predict response to treatment.
Prognostic studies include clinical studies of variables predictive of
future events as well as epidemiological studies of etiological or risk
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factors. As multiple similar studies accumulate, it becomes increasingly
important to identify and evaluate all of the relevant studies to develop a
more reliable overall assessment.

13.2.4 IDENTIFICATION OF PUBLICATIONS

It is more difficult to identify all prognostic studies by literature search
than for randomized trials. There is no optimal strategy for searching the
literature for such studies.

13.2.5 INADEQUATE INFORMATION

Some authors fail to present the numerical summary of the prognostic
strength of an available such as hazard ratio especially when the effect of
variable was not statistically significant. Even when numerical results are
given, they may vary in formats: for example survival proportions may
be given for different time-points. Also, odds ratios or hazard ratios from
grouped or ungrouped analysis are not comparable. Quantitative synthesis
(meta-analysis) is not possible because the published papers do not all
include adequate information.

13.2.6 ASSESSING METHODOLOGICAL QUALITY

There is little empirical evidence to support the importance of partic-
ular study features affecting the reliability of study findings, including
the avoidance of bias. Several methodological considerations issues are
similar to those relevant to studies of diagnosis.

13.2.7 OTHER PROGNOSTIC VARIABLES

It is important to adjust for other prognostic variables to get a valid picture
of the relative prognosis for different values of the primary prognostic
variable. It is necessary because patients with different values/covariates
of primary interest are likely to differ with respect to other prognostic
variables.
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13.2.8 PREDICTION MODEL

Many studies seek parsimonious prediction models by retaining only the
most important prognostic factors, most commonly by using multiple
regression analysis with step wise variable selection.

13.2.9 HANDLING CONTINUOUS PREDICTOR VARIABLES

If the prognostic variable is continuous, the risk of an event would usually
be expected to increase or decrease systematically as the level increases.
Many researchers prefer to categorize patients by cut points. This type of
analysis reduces the power to detect a real association with outcome. Many
researchers are unwilling to assume that a relationship with outcome is
log-linear. The assumption of linearity may will be more reasonable than
the assumptions that go with dichotomize by cut points.

13.2.10 DIFFICULTIES
The prognostic studies rise several difficulties as shown below:

Difficulty of identifying all studies.

Inadequate reporting of methods.

Variation in study design.

Most studies are retrospective.

Variation in inclusion criteria.

Lack of recognized criteria for quality assessment.

Different assays/measurement techniques.

Variation in methods of analysis.

Differing methods of handling of continuous variables (some data
dependent).

10. Different statistical methods of adjustment.

11. Adjustment for different sets of variables.

12. Inadequate reporting of quantitative information on outcomes.

13. Variation in presentation of results such as survival at different
time-points.

WX NAN R W=
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13.2.11 STATISTICAL METHODS

The method of analysis for pooling values across several studies will
depend on whether the prognostic variable is binary, categorical, or
continuous. It is easy to combine data from studies which have produced
compatible estimates of effect, with standard error.

13.2.12 OUTCOME IS TIME TO EVENT

In case of time to event data, the data are analyzed using survival anal-
ysis method-most often the log-rank test for simple comparisons on Cox
regression for analysis of multiple predictor variables. Log-rank statistic
and log-hazard ratios can be combined using the Peto method or the
inverse variance method, respectively. It is possible to combine estimated
Kaplan—Meier survival probabilities at a single time-point.

13.2.13 STUDIES OF MANY PROGNOSTIC FACTORS

Some meta-analysis studies consider the set of research studies where the
aim was to investigate many factors simultaneously, to identify important
risk factors. In this case, there is considerable risk of false-positive findings
in individual studies. Pooling of quantitative estimates will be problematic.

13.3 EVALUATION OF DIAGNOSTIC TESTS META-ANALYSIS

This section focuses on systematic reviews of studies of diagnostic accu-
racy which describe the probabilistic relationship between positive and
negative test results and the presence or absence of disease, and therefore
indicate how well a test can separate diseased from non-diseased patients
(Egger et al., 2001).

13.3.1 SAMPLE SIZE

Statistical power is rarely discussed in studies of diagnostic accuracy as
they do not compare two groups, and they do not formally test hypotheses.
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However, increasing sample size by pooling the results of several studies
does improve the precision of estimates of diagnostic performance.

13.3.2 SOURCE OF HETEROGENEITY

The choice of a statistical method for pooling results depends on the source
of heterogeneity, especially variation in diagnostic thresholds. Sensitivities,
specificities, and likelihood ratios may be combined directly, if the results
are reasonably homogeneous. When study results are strongly heteroge-
neous, it may be most appropriate not to attempt statistical pooling.

13.3.3 PERFORMANCE

The full evaluation of the performance of a diagnostic test involves
studying test reliability, diagnostic accuracy, and therapeutic impact, and
the net effect of the test on patient outcomes. Separate meta-analysis can
be performed for each of these aspects of test evaluation depending on the
availability of suitable studies.

13.3.4 META-ANALYSIS OF DIAGNOSTIC ACCURACY

Three general approaches used to pool results of studies of diagnostic
accuracy that are described below. The selection of a method depends on
the choice of a summary statistic and potential causes of heterogeneity.
The choice of statistical method for combining study results depends on
the pattern of heterogeneity observed between the results of the studies.
Some divergence of the study results is to be expected by chance, but
variation in other factors, such as patient selection and features of study
design may increase the observed variability or heterogeneity.

13.3.5 DIAGNOSTIC THRESHOLD

There is also one important extra source of variation to consider in meta-
analysis of diagnostic accuracy: variation introduced by changes in diag-
nostic threshold. The studies included in a systematic review may have used
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different thresholds to define positive and negative test results. Some may
have done this explicitly, for example by varying numerical cut-points used
to classify a biochemical measurement as a positive or negative. For others,
there may be naturally occurring variations in diagnostic thresholds between
observers or between laboratories. The choice of a threshold may also have
been determined according to the prevalence of the disease. When the
disease is a rare a low threshold may have been used to avoid large numbers
of false-positive diagnoses being made. Unlike random variability and other
sources of heterogeneity, varying the diagnostic threshold between studies
introduces a particular pattern into the ROC plot of study results.

13.3.6 DIAGNOSTIC ODDS RATIO

Sensitivities and specificities, and positive and negative likelihood ratios
can be combined into the same single summary of diagnostic performance,
known as the diagnostic odds ratio. This statistic is not easy to apply in
clinical practice, but it is a convenient measure to use when combining
studies in a meta-analysis as it is often reasonably constant regardless of
the diagnostic threshold. The diagnostic adds ratio (DOR) is defined as

TP x TN
DOR =——

EP x FN
where
Test results Participants

With disease Without disease Total

Positive test True positives (TR)  False positives (FP) Total positive
Negative test False negatives (FN) True negatives (TN)  Total negative
Total Total with disease Total without disease

13.3.7 POOLING DIAGNOSTIC ODDS RATIOS

If there is any evidence that the diagnostic threshold varies between the
studies, the best summary of the results of the studies will be an ROC curve
rather than a single point. The full method for deciding on the best-fitting
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summary ROC is explained below. First, it is worth noting that a simple
method for estimating a summary ROC curve exists when it can be assumed
that the curve is symmetrical around the “sensitivity = specificity” line.
Diagnostic tests where the diagnostic odds ratio is constant regardless of
the diagnostic threshold have symmetric ROC curves. In these situations,
it is possible to use standard meta-analysis methods for combining odds
ratio to estimate the common diagnostic odds ratio, and hence to determine
the best-fitting ROC curve. Once the summary odds ratio (DOR), has been
calculated, the equation of the corresponding ROC curve is given by

1
1+ (1 / DOR X(l — specificity / speciﬁcity))

Sensitivity =

13.3.8 POOLING SENSITIVITIES AND SPECIFICITIES

The simplest method of combining studies of diagnostic accuracy is to
compute weighted averages of the sensitivities, specificities, or likelihood
ratios. This method can only be applied in the absence of variability of the
diagnostic threshold. The possibility of a threshold effect can be investi-
gated before this method is used, both graphically by plotting the study
results on an ROC plot, and statistically, by undertaking tests of the hetero-
geneity of sensitivities and specificities and investigating whether there
is a relationship between them. The homogeneity of the sensitivities and
specificities from the studies can be tested using standard chi-squared tests
as both measures are simple proportions.

Computation of an average sensitivity and specificity is straight
forward. Considering the sensitivity and specificity in each study i to be
denoted by a proportion P,

True positive, True negative,

P = &; sensitivity, =
n

i

—— ; specificity = - -
Total with disease, Total without disease,

Using an approximation to the inverse variance approach, the estimate of
the overall proportion is
=2

xn
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where Xy is the sum of all true positives (for sensitivity) or true negatives
(for specificity), and Zn, is the sum of diseased (for sensitivity) or not
diseased (for specificity). The large sample approximation for the standard
error of this estimate is

1—
SEp) = [ (znp )

The simplest analysis pools the estimates of sensitivity and specificity
separately across the studies but is only appropriate if there is no variation
in diagnostic threshold.

13.3.9 POOLING LIKELIHOOD RATIOS

Likelihood ratios are ratios of probabilities and in a meta-analysis can
be treated as risk ratio. A weighted average of the likelihood ratios can
be computed using the standard Mantel-Haenszel or inverse variance
methods of meta-analysis of risk ratios.
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ABSTRACT

The sensitivity analysis is the study of influence and robustness of
different statistical methodologies on the results of meta-analysis. In case
of influence meta-analysis, the influence of each study can be estimated
by deleting each in turn from the analysis and noting the degree to which
the size and significance of the treatment effect changes. The subgroup
analysis is the study of variation by different categories of patients on the
results of meta-analysis. When the heterogeneity statistic is significant,
it is not feasible to assume that the given treatment effect is same across
different groups of patients. The subgroup analysis is carried out when
there is indirect evidence suggesting considerable difference between
categories. The subgroup analysis should best be used as hypothesis-
generating tools. The usefulness of subgroup analysis may be limited
due to small number of studies included in meta-analysis. The cumula-
tive meta-analysis is a repeated performance of meta-analysis whenever
a new relevant study is available for inclusion. This allows a retrospec-
tive identification of the patient in time whenever a treatment effect first
reach conventional level of statistical significance. As in primary studies
with regression, or multiple regressions, in meta-regression analysis, we
assess the relationship between one or more covariates and a dependent
variable. Meta-regression has become a commonly used tool for investi-
gating whether clinical heterogeneity may explain the statistical hetero-
geneity. The meta-regression analysis is used to suggest reasons for
statistical heterogeneity. The multiple meta-regressions can encompass
two or more study characteristics simultaneously as independent vari-
ables. The main objectives of meta-cluster analysis is to find out which
studies in a meta-analysis are similar and which studies dissimilar with
respect to relevant variables related to the particular summary statistic
of the analysis.

14.1 SENSITIVITY META-ANALYSIS

The sensitivity analysis is the study of influence and robustness of
different statistical methodologies on the results of meta-analysis. It is
also a repeat of the primary analysis, substituting alternative decisions or
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ranges of values for decisions that were arbitrary or unclear. The meta-
analysis for different methodological issues of primary studies such
as published versus unpublished studies, randomization versus non-
randomization, different levels of quality assessment, different sample
sizes, and fixed-effects over random-effects models have to be exam-
ined for variation. Such analysis in a graphical display allows for visual
examination of the sensitivity of important methodologies adopted in the
primary studies.

14.1.1 USE OF SENSITIVITY META-ANALYSIS

While conducting meta-analysis researchers are bound to work on
certain assumptions like inclusion exclusion criteria, quality of the
study, choice of fixed or random-effects model, etc. There is diverging
opinions on the correct method for performing a particular meta-anal-
ysis. The robustness of the findings to different assumptions should
therefore always be examined. This can be achieved through sensitivity
analysis.

Heterogeneity is typically explored using sensitivity analysis where
associations are estimated under various assumptions. If the sensitivity
analyses that are done do not materially change the results, it strengthens
the confidence that can be placed in them. If the results change in a way
that might lead to different conclusions, this indicates a need for greater
caution in interpreting the results and drawing conclusions, or it may
generate hypothesis for further investigations (Tharyan, 1998).

14.1.2 GRAPHICAL PRESENTATION

The graphical presentation of sensitivity meta-analysis based on several
assumptions made while studying a pattern and prevalence of epilepsy in
India based on 47 selected studies is presented in the form of Forest plot
in Figure 14.1.
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FIGURE 14.1 Forest plot depicting sensitivity meta-analysis of epilepsy studies.

14.2 INFLUENCE META-ANALYSIS

The influence of each study can be estimated by deleting each in turn from
the analysis and noting the degree to which the size and significance of
the treatment effect changes. The influence of individual studies on the
summary effect estimate may be displayed.
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14.2.1 GRAPHICAL PRESENTATION

The graphical presentation of influence analysis made while studying a
pattern and prevalence of epilepsy in India based on 47 selected studies is

presented in Figure 14.2.
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FIGURE 14.2 Influence meta-analysis of prevalence of epilepsy studies.
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14.3 SUBGROUP META-ANALYSIS

The subgroup analysis is the study of variation by different categories of
patients on the results of meta-analysis. It is more commonly linked to
covariate analysis in statistical literature. The estimate of the overall effect is
intended to guide decision about clinical practice for a wide range of patients.

14.3.1 TREATMENT DECISION

When the heterogeneity statistic is significant, it is not feasible to assume
that the given treatment effect is same across different groups of patients,
such as males versus females, young versus elderly, those with mild versus
those with severe diseases. It seems reasonable to base treatment decision
upon the results of those studies, which have similar characteristics to the
particular patient under consideration.

14.3.2 CAUSE OF HETEROGENEITY

The subgroup analysis is carried out when there is indirect evidence
suggesting considerable difference between categories, the difference is
suggested by comparisons within studies rather than between studies, the
difference is consistent across studies, and the magnitude of difference is
practically important (Tharyan, 1998). If the studies within subgroup are
relatively homogeneous but there is considerable between subgroup varia-
tions, an important cause of heterogeneity may be identified.

14.3.3 HYPOTHESIS-GENERATING TEST

The subgroup analysis should best be used as hypothesis-generating tools,
although important observations may sometimes be made (Lau et al., 1997).

14.3.4 LIMITATIONS

The usefulness of subgroup analysis may be limited due to small number
of studies included in meta-analysis. It is often not convenient to consider
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simultaneously more than one variable in a subgroup analysis. Subgroup
analysis may be considered exploratory or confirmatory. Combining
specific subgroup data across studies may provide further insight into
heterogeneity. Lack of uniform reporting of the data necessarily for
subgroup analyses across studies poses an additional problem. An espe-
cially pernicious approach occurs when the data are divided into multiple
subgroups on the basis of combination of characteristics such as age, sex,
and domicile, and different prevalence rates are claimed within very small
subdivisions. Such interventions among subgroups are unlikely to describe
the truth when derived from aggregate data.

14.3.5 ILLUSTRATION

The results of subgroup meta-analysis conducted based on 16 categories
while studying a pattern and prevalence of epilepsy in India based on 47
selected studies is presented in the following table:

Study Characteristics Prevalence Study Characteristics Prevalence
No. (number of studies) rate No. (number of studies) rate
1 Domicile (47) 13 Domicile & sex (22)
Rural 4.99 Rural Male 4.84
Urban 4.29 Female 4.00
Semi-urban/Mixed 3.64 Urban Male 5.23
2 Region (47) Female 3.41
Northern 3.67 14  Caste & sex (3)
Eastern 4.55 Brahmins Male 4.60
Western 3.32 Female 1.68
Southern 5.21 SC Male 322
3 Sex (22) Female 3.12
Male ST Male 4.04
Female Female 1.90
4 Age (8) 15  Age & sex (1)
0- 4.40 0— Male 4.37
1- 7.19 Female 3.17
5- 9.39 5—Male 9.54
10— 7.61 Female 9.23
20— 6.72 10— Male 7.23

30— 5.17 Female 5.20
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TABLE (Continued)

Study Characteristics Prevalence Study Characteristics Prevalence
No. (number of studies) rate No. (number of studies) rate

40— 4.50 20— Male 7.04

50— 3.31 Female 6.56

60— 2.79 30— Male 4.19

70— 1.82 Female 4.90
5 Marital status (2)

Single 8.61 40— Male 3.85

Married 1.28 Female 4.51
6 Religion (2) 50— Male 3.26

Hindu 2.59 Female 3.37

Muslim 3.50 60— Male 2.44
7 Caste group (5) Female 3.11

Brahmins 2.85 16  Age & domicile (1)

SC 2.77 0-9 age

ST 3.48 Rural 8.10

All others 6.93 Urban 6.92
8 Literacy level (1)

Illiterate/Primary 2.38 0-19 age

Secondary - Rural 16.43

University - Urban 10.65
9 Occupation (1) 20-29 age

Children 4.29 Rural 9.81

Students 4.51 Urban 11.27

House-wives 1.41 30-39 age

All others - Rural 10.31
10 Monthly income (1) Urban 7.84

Low 6.50 40-49 age

Middle 1.04 Rural 8.93

High - Urban 2.66
11 Family type (1) 49+ age

Nuclear - Rural 3.31

Joint 3.65 Urban 2.03
12 Family size (1)

Upto5 -

Above 5 5.59
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14.4 CUMULATIVE META-ANALYSIS

The cumulative meta-analysis is a repeated performance of meta-analysis
whenever a new relevant study is available for inclusion. This allows a retro-
spective identification of the patient in time whenever a treatment effect first
reached conventional level of statistical significance. Subsequent studies
will simply confirm the original result with reduced levels of significance.
The further studies in large number of patients involving high cost may be
avoided by conducting timely cumulative meta-analysis (Hafner, 1987).

14.4.1 ADVANTAGES

Another application of cumulative meta-analysis has been to correlate the
accruing evidence with the recommendations made by experts in review
articles and text books (Egger et al., 2001). Cumulative meta-analysis is
another approach for assessing the impact of each study. The prior prob-
ability is generated by the pooled results of all prior studies, and the poste-
rior probability is derived by adding the results of the new study to the
results of the others (Lau et al., 1992, 1995).

The cumulative plot is a special use of forest plot for the purpose of
cumulative meta-analysis according to the given criteria. It can also be used
to examine the influence of individual studies on the pooled estimate of treat-
ment effect according to other study features such as study quality assess-
ment score, control group event rate, and sample size (Lau et al., 1995).

14.4.2 GRAPHICAL REPRESENTATION

The graphical presentation of cumulative meta-analysis conducted while
studying a pattern and prevalence of epilepsy in India based on 47 selected
studies is presented in Figure 14.3.

14.5 META-REGRESSION ANALYSIS

As in primary studies with regression, or multiple regressions, we assess

the relationship between one or more covariates and a dependent variable.
Essentially the same approach can be used with meta-analysis, except that
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the covariates are at the level of the study rather than the level of the
subject, and the dependent variable is the effect size in the studies rather
than subject scores. We use the term meta-regression to refer to these
procedures when they are used in a meta-analysis.

Meta-regression has become a commonly used tool for investigating
whether clinical heterogeneity may explain the statistical heterogeneity. If
there is a linear relationship between treatment effect and identified study
characteristics, regression analysis will have a greater statistical power
than subgroup analysis.

14.5.1 SIMILARITIES WITH SUBGROUP ANALYSIS

The differences that we need to address as we move from primary studies
to meta-analysis for regression are similar to those we needed to address
as we moved from primary studies to meta-analysis for subgroup anal-
yses. These include the need to assign a weight to each study and the need
to select the appropriate model. Also, as was true for subgroup analyses,
which is used to quantify the proportion of variance explained by the
covariates, must be modified for use in meta-analysis.

14.5.2 USE OF COVARIATES

We can work with sets of covariates, such as three variables that together
define a treatment, or that allow for a nonlinear relationship between
covariates and the effect size. We can enter covariates into the analysis
using a predefined sequence and assess the impact of any set, over and
above the impact of prior sets, to control for confounding variables. We
can incorporate both categorical and continuous variables as covariates.

14.5.3 LIMITATIONS

The use of meta-regression, especially with multiple covariates, is not
a recommended option when the number of studies is small. In primary
studies, some have recommended a ratio of at least 10 subjects for each
covariate, which would correspond to 10 studies for each covariate in
meta-regression.
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14.5.4 GENERATE NEW HYPOTHESIS

The meta-regression analysis is used to suggest reasons for statistical
heterogeneity. As an exploratory tool, meta-regression may provide more
insight than traditional pooling and may help to generate new hypotheses
(Berkey et al., 1995).

14.5.5 COLLINEARITY

The multiple meta-regressions can encompass two or more study char-
acteristics simultaneously as independent variables. However, if explor-
atory variables are highly correlated, collinearity may become a problem.
When collinearity is a problem, the interpretations of the estimated occur-
rence of confounding variables should be cautious or redundant variables
are removed from the model. A variety of statistical methods, including
weighted least squares, logistic regression, and hierarchical models can
be used for meta-regression analysis (Lau et al., 1997). The random-
effects meta-regression model allows the inclusion of study specific
covariates, which may explain a part of the heterogeneity (Knapp and
Hartung, 2003).

14.5.4 LIMITATIONS

Lau et al. (1998) have shown that fixed effects meta-regression is likely
to produce seriously misleading results in the presence of heterogeneity.

1. It is unwise to include large number of covariates particularly if
the sample size is small.

2. All associations noticed in analysis are observational and may
therefore be confounded by other unknown or unmeasured factors.

3. Regression analysis using averages of patient characteristics from
each trial can give a misleading impression of the relation for indi-
vidual patients.

Standard meta-regression methods suffer from substantially inflated
false-positive rates when heterogeneity is present, when there are few
studies, and when there are many covariates (Higgins and Thompson, 2004).
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14.5.6 GRAPHICAL REPRESENTATION

The graphical presentation of two meta-regression analyses conducted
while studying a pattern and prevalence of epilepsy in India based on 47
selected studies taking year of report and quality assessment score as inde-
pendent variables are presented in Figures 14.4 and 14.5.
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FIGURE 14.4 Meta-regression plot of prevalence rates on year of report for epilepsy.
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FIGURE 14.5 Meta-regression plot of prevalence on quality assessment scores for
epilepsy.

14.6 META-CLUSTER ANALYSIS

The main objectives of meta-cluster analysis is to find out which studies
in a meta-analysis are similar and which studies dissimilar with respect to
relevant variables related to the particular summary statistic of the analysis.
The relevant variables include the quality assessment scores and psychoso-
cial variables. The clustering techniques may be used to produce groups of
studies with different pooled estimates. Thus, it enables the investigator to
determine the overall pooled estimate in a heterogeneous population. The
studies are summarized by referring to the properties of the cluster rather
than the properties of the individual studies. In addition to the graphical
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methods, random-effects model of pooled estimates, sensitivity and influ-
ential analysis, cumulative analysis, and meta-regression analysis, cluster
meta-analysis is another technique to study the inter-study variation.

14.6.1

GRAPHICAL REPRESENTATION

The graphical presentation of meta-cluster analyses conducted while
studying a pattern and prevalence of epilepsy in India based on 47 selected
studies is presented in Figure 14.6.
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ABSTRACT

The meta-analysis should contain enough studies to provide power for
its test. If a meta-analysis performs moderator tests, it should also report
if there are any relationships between the moderators. All meta-analyses
will have at least two authors to ensure coding reliability. If there are a
large number of assumed zero effect sizes, the authors should report their
results both including and excluding these values from their analyses.
To assess the representativeness of a particular meta-analysis one should
consider theoretical boundaries, exhaustive search, secondary literature,
unpublished literature, large literature, and high inference moderation. A
meta-analysis should not simply be a summary of a literature but should
provide a theoretical interpretation and integration. A good meta-analysis
puts effort into interpreting these findings, presents how they are consis-
tent or inconsistent with the major theories in the literature and encour-
ages future investigations. Although it can be argued that the results of a
systematic review should stand on their own, many people faced with a
decision look to the discussion and authors’ conclusions for interpreting
the results. Indeed, many people prefer to go directly to the conclusions
before looking at the rest of the review. The discussion and conclusions
should help people to understand the implications of the evidence in rela-
tionship to practical decisions. A good starting point for the discussion
section of a review is to address any important methodological limita-
tions of the included trials and the methods used in the review that might
affect practical decisions about healthcare or future research. One type
of evidence that can be helpful in considering the likelihood of a cause—
effect relationship between an intervention and an important outcome is
indirect evidence of a relationship. Decisions about applicability depend
on knowledge of the particular circumstances in which decisions about
healthcare are being made. Important variations include biologic, cultural,
compliance, baseline risk, and results of the included studies. It is safer to
report the data, with a confidence interval, as being compatible with either
a reduction or an increase in the outcome. The easier way to write up a
meta-analysis is to take advantage of this parallel structure by using the
same sections found in primary research. In the method section, you need
to describe how you collected your studies and how you obtained quan-
titative codes. In the results section, you describe the distribution of your
effect sizes and present any moderator analyses you decided to perform.
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Discussion and conclusion section conclude with specific recommenda-
tions for the direction of future research. Reference and appendix section
have a single reference section that includes both studies used in writing
the paper and those included in the meta-analysis.

15.1 EVALUATION OF META-ANALYSIS STUDY
15.1.1 INTERNAL VALIDITY

Primary studies: A meta-analysis can never be more valid than the
primary studies that it is aggregating. If there are methodological prob-
lems with the studies, then the validity of the meta-analysis should be
equally called into question.

Power of the test: The meta-analysis should contain enough studies to
provide power for its test. The exact number will depend on what analyses
are being performed. For most purposes, you would want to have at least
30 studies are needed.

Correlation between moderators: If a meta-analysis performs moder-
ator tests, it should also report if there are any relationships between the
moderators. We should critically examine all results involving correlated
moderators to see if there is a logical reason to doubt the interpretation of
the results.

Coding reliability: All meta-analyses will have at least two authors to
ensure coding reliability. The reliability should be published and should be
reasonably high, preferably over 0.8.

Assumptions: Standard meta-analytic procedures assume that all of
the effect sizes are independent. If an analysis includes more than a single
effect size per study, this assumption is violated. Sometimes the designs of
the primary studies will require this violation, but the authors should take
steps to minimize its impact on their results.

Zero effect size: Assumed zero effect sizes from reported null findings
are the least precise effects that can be calculated. We should be cautious
when drawing inferences from a meta-analysis that contains a substantial
amount of these effects. If there are a large number of assumed zero effect
sizes, the authors should report their results both including and excluding
these values from their analyses.
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15.1.2 EXTERNAL VALIDITY

The most important factor affecting the external validity of a meta-anal-
ysis is the representativeness of the sample of studies (DeCoster, 2009).
Ideally, the sample of a meta-analysis should contain every study that has
been conducted bearing on the topic of interest. To assess the representa-
tiveness of a particular meta-analysis, one should consider the following:

Theoretical boundaries: Theoretical boundaries proposed by the
authors make sense. The studies in the analysis actually compose a litera-
ture unto themselves. Sometimes they can be too broad, such that they
aggregate dissimilar studies. Other times they may be too narrow, such
that the scope of the meta-analysis is smaller than the scope of the theories
developed in the area.

The effects calculated for each study should represent the same theo-
retical construct. While the specifics may be dependent on the study meth-
odology, they should all clearly be examples of the same concept.

Exhaustive search: The authors conduct a truly exhaustive literature
search. You should evaluate the keywords they used in their computer
searches, and what methods they used to locate studies other than computer
searches.

Secondary literature: While the majority of the studies will likely
come from a single literature, it is important to consider what other fields
might have conducted research related to the topic.

Unpublished: If the authors include unpublished articles, they must
know how rigorous was the search. If they did not, do they provide a justi-
fication for this decision?

Large literature: If there are too many studies to reasonably include
them all in the analysis, a random sample should be selected from the total
population.

High inference moderation: If the analysis included high-inference
coding, the report should state the specifics of how this was performed and
what steps they took to ensure validity and reliability. All high-inference
moderators deserve to be looked at closely and carefully.

15.1.3 THEORETICAL CONTRIBUTION

Theoretical interpretation: A meta-analysis should not simply be a
summary of a literature, but should provide a theoretical interpretation
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and integration. In general, the more a meta-analysis provides beyond its
statistical calculations, the more valuable its scientific contribution.

Consistency of findings: A good meta-analysis does not simply report
main effect and moderator tests. It also puts effort into interpreting these
findings and presents how they are consistent or inconsistent with the
major theories in the literature.

Gaps in the area of research: Meta-analyses can greatly aid a litera-
ture by providing a retrospective summary of what can be found in the
existing literature. This should be followed by suggestions of what areas
within the literature still need development. A good meta-analysis encour-
ages rather than impedes future investigations.

15.2 INTERPRETING THE RESULTS

When interpreting the results, reviews should consider the importance
of beneficial and harmful effects of intervention in absolute and relative
terms and address economic implications for future research.

15.2.1 ISSUES IN INTERPRETATION

Although it can be argued that the results of a systematic review should
stand on their own, many people faced with a decision look to the Discus-
sion and Authors’ Conclusions for help interpreting the results. Indeed,
many people prefer to go directly to the conclusions before looking at the
rest of the review.

Discussion and conclusions about the following issues can help people
to make decisions:

* The strength of the evidence.

* The applicability of the results.

» Considerations of costs and current practice that might be relevant
to someone making a decision.

* Clarification of any important trade-offs between the expected
benefits, harms, and costs of the intervention.

Authors should be particularly careful to bear in mind that different
people might make different decisions based on the same evidence. The
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primary purpose of the review should be to present information, rather
than to offer advice. The discussion and conclusions should help people
to understand the implications of the evidence in relationship to practical
decisions. Recommendations that depend on assumptions about resources
and values should be avoided.

15.2.2 STRENGTH OF EVIDENCE

A good starting point for the discussion section of a review is to address
any important methodological limitations of the included trials and the
methods used in the review that might affect practical decisions about
health care or future research. It is often helpful to discuss how the
included studies fit into the context of other evidence that is not included
in the review.

Cause and effect relationship: One type of evidence that can be
helpful in considering the likelihood of a cause—effect relationship
between an intervention and an important outcome is indirect evidence of
a relationship.

Because conclusions regarding the strength of inferences about the
effectiveness of an intervention are essentially causal inferences, authors
might want to consider guidelines for assessing the strength of a causal
inference. In the context of a systematic review of clinical trials, these
considerations might include:

» quality of the included trials,
 significance of the observed effects,

» consistency are the effects across trials,

» clear dose-response relationship, and

* indirect evidence that supports the influence.

15.2.3 APPLICABILITY

Decisions about applicability depend on knowledge of the particular
circumstances in which decisions about health care are being made. In
addressing the applicability of the results of a review, authors should be
cautious not to assume that their own circumstances, or the circumstances
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reflected in the included studies are necessarily the same as those of others.
Generally, rather than rigidly applying the inclusion and exclusion criteria
of studies to specific circumstances, it is better to ask whether there are
compelling reasons why the evidence should not be applied under certain
circumstances.

Authors can sometimes help people making specific decisions by iden-
tifying important variation where divergence might limit the applicability
of results.

15.2.4 IMPORTANT VARIATIONS

Biologic and cultural variation: Issues of biologic variation that might
be considered include divergence in pathophysiology and divergence in a
causative agent. For some health-care problems, such as psychiatric prob-
lems, cultural difference can sometimes limit the applicability of results.

Variation in compliance: Variation in the compliance of the recipient
and providers of care can limit the applicability of results. Predictable
difference in compliance can be due to divergence in economic conditions
or attitudes that make some form of care not accessible or not feasible in
some settings, such as in developing countries.

Variation in baseline risk: The net benefit of any intervention depends
on the risk of adverse outcomes without intervention, as well as on the
effectiveness of the intervention. Therefore, variation in baseline risk is
almost always an important consideration in determining the applicability
of results.

Variation in the results of the included studies: In addition to identi-
fying limitations of the applicability of the results of their review, authors
should discuss and draw conclusions about important variation in results
within the circumstances to which the results are applicable. Is there
predictable variation in the relative effects of the intervention and are there
identifiable factors that may cause the response or effects to vary. These
might include:

» Patient features, such as age, sex, biochemical markers

* Intervention features, such as the timing or intensity of the
intervention

» Disease features, such as hormone receptor status
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These features should be examined even if there is not statistically
significant heterogeneity. This should be done by testing whether there is
an interaction with treatment, and not by subgroup analysis. As discussed,
differences between subgroups, particularly those that correspond to
differences between studies, need to be interpreted cautiously. Some
chance variation between subgroups is inevitable, so unless there is strong
evidence of an interaction then it should be assumed there is none.

Other relevant information: It can be helpful for authors to discuss
the results of a review in the context of other relevant information, such as
epidemiological data about the magnitude and distribution of a problem,
information about current clinical practice from administrative databases
or practice surveys, and information about costs.

Adverse effects: The discussion and conclusions of a review should
note the strength of the evidence on adverse effects including the estimates
of their seriousness and frequency in different circumstances. In partic-
ular, the causal relationship of an adverse effect to a particular intervention
should be critically assessed, bearing in mind that under-ascertainment
and under-reporting of adverse and unexpected effects are common.

Trade-offs: Health-care interventions generally entail costs and risks
of harm, as well as expectations of benefit. Drawing conclusions about
the practical usefulness of an intervention entails making trade-offs, either
implicitly or explicitly, between the estimated benefits and the estimated
costs and harms.

Common errors in reaching conclusions: It is safer to report the data,
with a confidence interval, as being compatible with either a reduction or
an increase in the outcome. When there is positive but statistically nonsig-
nificant trend authors commonly describe this as “promising,” whereas a
“negative” effect of the same magnitude is not commonly described as a
“warning sign.” Authors should be careful not to do this. Another mistake
is to frame the conclusion in wishful terms.

Another common mistake is to reach conclusions that go beyond the
evidence that is reviewed. Often this is done implicitly, without refer-
ring to the additional information or judgments that are used in reaching
conclusions about the implications of a review for practice. Even when
conclusions about the implications of a review for practice are supported
by additional information and explicit judgments, the additional informa-
tion that is considered is rarely systematically reviewed and implications
for practice are often dependent on specific circumstances and values that
must be taken into consideration.
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15.3 WRITING THE REPORT

The easier way to write up a meta-analysis is to take advantage of this
parallel structure by using the same sections found in primary research.
When writing a quantitative literature review, you should therefore include
sections for the introduction, methods, results, and discussion.

If your summary includes moderator analyses, you should present it as
a separate study in your paper, using the guidelines for reporting a quan-
titative review. However, if you are only presenting descriptive analyses,
your meta-analysis will likely be simple enough that you can incorporate
it directly into your introduction or discussion. In this case, you should
describe the purpose and method of your meta-analysis in one paragraph,
with the results and discussion in a second.

Your introduction should concretely define the topic of your analysis
and place that topic into a broader psychological context.

15.3.1 METHOD SECTION

In the method section, you need to describe how you collected your studies
and how you obtained quantitative codes from them:

(1) to describe how you collected your studies,

(2) athorough description of your search procedure,
(3) to describe how you coded moderator variables,
(4) descriptions of each moderator you coded, and
(5) to describe how you calculated your effect sizes.

15.3.2 RESULTS SECTION

In the results section, you describe the distribution of your effect sizes and
present any moderator analyses you decided to perform:

* to describe the distribution of your effect sizes,

* to categorize moderator you want to test,

* to test continuous variable, and

* to describe the ability of a statistical model to explain your distribu-
tion of effect sizes.
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15.3.3 DISCUSSION AND CONCLUSION SECTION
To help audience interpret the mean effect size, we can present:

(1) Explanation for any significant moderators revealed by analyses.

(2) Describe the performance of any models you built in attempts to
predict effect sizes.

(3) Discuss the diversity of the studies in sample.

(4) Consider the implications of findings for the major theoretical
perspectives in the area of analysis.

(5) Make theoretical inferences based on results.

(6) Mention any features of analysis that might limit the generaliz-
ability of the results.

(7) Conclude with specific recommendations for the direction of
future research.

15.3.4 REFERENCE AND APPENDIX SECTION

Have a single reference section that includes both studies used in writing
the paper and those included in the meta-analysis. You should place an
asterisk next to those studies included in the analysis.

You should prepare an appendix including all of the codes and effect
sizes obtained in the analysis. Many journals will not be interested in
publishing this information, but you will likely receive requests for it from
people who read your report.
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ABSTRACT

Meta-analysis of existing evidence is prerequisite for scientific and ethical
design of new studies. Research synthesis will not eliminate dissent or error,
nor discourage innovation. The creation and wide spread use of synthetic
tools in science will facilitate greater convergence in scientific communi-
ties. Meta-analysis helps clinicians to produce evidence based treatment.
Applying results of meta-analysis to an individual patient involves, (1)
consideration of the applicability of evidence, (2) the feasibility of the
intervention in a particular settings, (3) risk ratio in the individual patient,
and (4) incorporation of the patient values and preferences. The results
can be extrapolated to a specific patient by either considering results in the
most relevant subgroups or by multivariate risk prediction equations or by
using clinical judgment to determine a specific patient’s risk status. Meta-
analysis is the optimum method of summarizing evidence of effectiveness
of clinical practice guidance. Meta-analysis helps in the development of
methods for economic evaluation. The results of meta-analysis helps in the
determination of the number needed to treat.

Meta-analysis helps policy makers to make meaningful decisions.
Policy making should be based on best current knowledge and takes into
account of resources and values in the interpretation of evidence.

16.1 IMPLICATIONS FOR SCIENTISTS AND RESEARCHERS
16.1.1 PREREQUISITES FOR NEW STUDIES

Meta-analysis of existing evidence is prerequisite for scientific and ethical
design of new studies. Proposals for new study should take into account
of information about planned and ongoing studies. Ethical and scientific
monitoring of ongoing studies should take account of systematic reviews
that have incorporated relevant new evidence. The results of new studies
should be set and interpreted in the context of systematic reviews of all
of the relevant evidence available at the time of reporting. Up-to-date
meta-analysis of existing evidence and registers of planned and ongoing
studies are essential for scientific and ethical study design, monitoring and
reporting, and for protecting the interests of consumers of research results
(Egger et al., 2001).
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16.1.2 ACCUMULATION OF KNOWLEDGE

Research synthesis will not eliminate dissent or error, nor discourage inno-
vation. It cannot displace primary scientific inquiry. But it can uniquely
reinvigorate the status of science as an objective, consensual enterprise
that accumulates knowledge, whose end product is not just technology but
more informed policy. How can we expect scientists even within narrow
fields to come to wide consensus on anything, if there are no adequate or
reliable vehicles for presenting actual evidence? And if consensus is not
evident in the scientific community, how can we expect policy-makers or
the public to agree on the implications of scientific research?

16.1.3 GREATER CONVERGENCE

The creation and widespread use of synthetic tools in science will facil-
itate greater convergence in scientific communities. As a corollary, the
synthetic turn that the map of science has the potential to usher in will
propel science into a new era, by shortening time-lag between paradigms,
through reductions in the time that advocates of a position hold on to it.

16.2 IMPLICATIONS FOR CLINICIANS

Meta-analysis helps clinicians to produce evidence-based treatment.
Applying results of meta-analysis to an individual patient involves (1)
consideration of the applicability of evidence, (2) the feasibility of the
intervention in a particular settings, (3) risk ratio in the individual patient,
and (4) incorporation of the patient values and preferences. Even though
meta-analysis provides the best estimate of the true effect of an interven-
tion, their application at bedside is a difficult, time consuming, and incom-
pletely studied skill (Egger et al., 2001). Within the process of guideline
development, conducting specific meta-analysis or updating existing ones
will usually represent the optimum means of summarizing evidence on the
effects of interventions. Such reviews will be focused on the subject area
of the guidelines and the need of the guideline group and can be tailored to
the clinical questions that they pose.



158 Meta-Analysis in Psychiatry Research

16.2.1 APPLICABILITY

While some variation in treatment response between the patient and
patients in the meta-analysis is to be expected, the differences tend to be
quantitative rather than qualitative. The underlying pathobiology of the
patient must be as that of the results of meta-analysis.

16.2.2 FEASIBILITY

This involves considerations of whether intervention is available and
affordable in the settings and whether the necessary expertise and sources
are totally available. The results of the local circumstances must also be
considered. Again consider whether the necessary monetary facilities are
available if the intervention is offered.

16.2.3 BENEFITS

In order to facilitate the extrapolation to a specific patient formats which
incorporate base line risk and therapeutic effects are preferable.

The results can be extrapolated to a specific patient by either considering
results in the most relevant subgroups or by multivariate risk prediction equa-
tions or by using clinical judgment to determine a specific patient’s risk status.

Deriving clinically useful estimates of the overall results and extrapo-
lating from the overall results to derive estimates for the individual patient.

The number needed to treat (NNT) and number needed to harm (NNH)
are most important indices here: One can use multivariate risk prediction
equations to quantitative individual patient’s potential for benefit from
the therapy. The clinician can divide the average NNT by a factor which
relates the risk of individual patient to that of the average patient in the
published report. If NNT is available, in various subgroups, the clinician
can extrapolate the most relevant one for his patient.

16.2.4 INCORPORATION OF PATIENT’S VALUES

The techniques include patient’s decision supporting technology or the
expression of likelihood to help or harm.
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16.2.5 CLINICAL GUIDELINES

Meta-analysis is the optimum method of summarizing evidence of effec-
tiveness of clinical practice guidance. Within the process of developing
a guideline, conducting specific systematic reviews or updating existing
ones allows reviews to be focused on the subject area of the guideline and
to be tailored to the clinical questions that group process.

There will be occasions when previously available meta-analysis will
present the best available evidence. However, there may be problems in
the interpretation and applicability of available meta-analysis.

16.3 IMPLICATIONS FOR ECONOMISTS

Meta-analysis helps in the development of methods for economic evalu-
ation. The results of meta-analysis help in the determination of the NNT.
The NNT is the number of patients that must be treated over a defined
period of time to prevent one death/disorder. Hence, it is the reciprocal of
the risk difference. Economic evaluation seeks to predict the net change in
benefits and costs arising from alternative approaches to provide a partic-
ular form of care. Methods for economic evaluation and the results of
meta-analysis can enrich each other. To improve information for optimal
decisions in health care, results of meta-analysis of effectiveness should be
used in economic evaluation.

16.4 NUMBER NEEDED TO TREAT

The NNT are commonly used to summaries the beneficial effects of the
treatment in a clinically relevant way, taking into account the baseline risk
without treatment and risk reduction achieved with treatment.

16.4.1 FACTORS

The NNT is sensitive to factors that change baseline risk, the outcome

considered, characteristics of patient included in the trials, secular trend in
the incidence and case fatality and finally the clinical settings.
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16.4.2 RELEVANCE

Meaningful NNT is obtained by applying the pooled relative risk reduc-
tion calculated from meta-analysis or individual trials to the baseline risk
relevant to specific patient groups.

16.4.3 EASY TO UNDERSTAND

They help to translate trial effects to clinical practice in terms that the
clinicians can understand. High-risk patients to gain more from treatment
and this is reflected in a small NNT, whereas low risk patients will have a
large NNT. As absolute levels of risk are taken into account, the clinician
can better weigh up the sizes of benefits with possible harms of treatment.
Hence, NNT sets priorities. The NNT gives some idea of the clinical work-
load required to achieve health benefits and consequently valued by public
health medicine as investment often seems disproportionate to the benefits
obtained. The NNT is thought to be more intuitive and easier for clinicians
to understand than relative measure of treatment effects.

16.4.4 LIMITATIONS

It may misleading because variation in event rates in trials, difference in
the outcomes considered, effects of geographic and secular trends and
this is risk, and the clinical settings. It is assumed throughout that, rela-
tive measures of treatment effects such as the odds ratio, risk ratio are
the most appropriate measure of meta-analysis of trials. The NNT should
be derived by applying relative risk reductions of treatment estimated by
trials are meta-analysis to populations of specified absolute high, medium,
or low risk to illustrate a range of possible NNT.

Mathematical aspect: If the treatment appears to have no effect, that
is, the event rates are identical in both the treatments and control group,
then the absolute risk difference is zero. In this case, the reciprocal of zero
is infinite. It is rather confusing to have a measure of effect with confi-
dence intervals that may include benefits and infinite.

Clinical settings: The relative estimate of efficacy varied less across
the different settings and could be generalized with more confidence.
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Assumptions: Decisions affecting the baseline risk of patients in a trial
such as inclusion and exclusion criteria or geographical settings are not
made in a random way.

Standardization: Trials have different levels of follow-ups. In order
to produce, for example, 1-year NNT, all the absolute risk differences
need to be standardized for 1 year if pooling of risk difference is under-
taken. This standardization requires an assumption of constancy of effect
over time.

Interpretation: In the economic field, an incremental cost-effective-
ness analysis of an intervention at different levels of baseline risk will
almost always be more informative than a summary of cost effectiveness
based on a pooled NNT. The pooled NNT may also results in erroneous
decisions about who should receive treatment in concept of a threshold
NNT, separately those who are likely to benefit from those who are not,
is applied.

Cohort studies: It is preferable to derive NNT from prognosis: from
cohort studies rather than from the trials and meta-analysis themselves.

16.5 IMPLICATIONS FOR POLICY MAKERS

Meta-analysis helps policy makers to make meaningful decisions. Policy
making should be based on best current knowledge and takes into account
of resources and values in the interpretation of evidence. Policy making,
like all other health-care decisions should be based on best current knowl-
edge. Interpretation of evidence by policy makers also take into account
resources and values. The job of the scientists is to clear about the evidence.
Having received the evidence, decision will be taken by those who repre-
sent the values of society, which has to be respected by scientists irrespec-
tive of outcome (Egger et al., 2001).

The policy makers have to take a decision as to how much gross
national product should be invested in public services, how much of the
money should be spent on improvement of health according to geograph-
ical and different categories of health.

In some decisions where resources are not a major issue and the values
are relatively straight forward, policy decisions can be based on evidence
alone.
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ABSTRACT

Computer software entirely devoted to meta-analysis has increasingly
become available, and meta-analytic procedures have also been introduced
in general statistical software packages. The public domain software is
freely downloadable along with user manual. Majority of software under
this category are DOS based and provide basic meta-analytical proce-
dures. The portability of data as well as graphics produced is less flexible
with this software. The public domain meta-analysis software is compared
based on their utility, suitability, portability, ease in operation, graphical
representation of results, and scope for upgradation. The commercial soft-
ware has to be procured at appropriate cost. The main advantage of this
software is that, most of them are Window based and allow easy transfer
of data, results, and graphics from one platform to another.

17.1  PUBLIC DOMAIN SOFTWARE

Over the past few years, computer software entirely devoted to meta-
analysis has increasingly become available, and meta-analytic procedures
have been introduced in general statistical software packages (Kuss and
Koch, 1996).

The public domain software is freely downloadable along with user
manual. Majority of software under this category are DOS based and
provide basic meta-analytical procedures. The portability of data as well
as graphics produced is less flexible with this software. The examples for
these are RevMan, EasyMa, and meta-analyst.

The comparative study of public domain software facilitates the
researcher to identify the best software in general and medical research in
particular. The public domain meta-analysis software is compared based
on their utility, suitability for prevalence-based meta-analysis. The porta-
bility, ease in operation, graphical representation of results, and scope for
upgradation will be considered.

17.1.1 REVMAN

The Cochrane Collaboration’s Review Manager (RevMan) is a software
package designed to enter review protocols or completed reviews in
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Cochrane format. This includes a structured text of the review and tables
of included as well as excluded studies. The program is based on the
Windows operating system and is easy to use. Dichotomous or continuous
data can be entered and analyzed in fixed and random-effects models for
odds ratio, relative risk, risk difference, and weighted mean difference.
Different comparisons and outcomes can be accommodated in the same
data sheet. The classical meta-analysis graph is displayed with or without
raw data, weights, and year of individual studies. The graphics can be
edited on the screen and printed.

17.1.2 EASYMA

EasyMA was developed by Michel Cucherat from the University of Lyon
and can be down loaded from an Internet. It is menu driven and offers
fixed-effects and random-effects models. The number of patients needed
to treat to prevent one event is also given. EasyMA produces the classical
meta-analysis graphs both for standard and cumulative meta-analysis as
well as radial and funnel plots. Rosenthal’s number of unpublished nega-
tive trials needed to render the combined results nonsignificant and Begg
and Mazumdar’s test for publication bias are also available.

Joseph Lau from the New England Medical Center programmed meta-
analyst. Like EasyMA, this software was developed for conventional and
cumulative meta-analysis of clinical trials with two arms and dichotomous
outcomes. Only one outcome can be entered at a time. The program is
easy to use and offers the widely used fixed effects and random effects
models. The graphs produced are of excellent quality, but as in EasyMA,
they cannot easily be exported for editing in another program.

17.2  COMMERCIAL SOFTWARE

The commercial software has to be procured at appropriate cost. The main
advantage of these software is that, most of them are Window based and
allow easy transfer of data, results, and graphics from one platform to
another. The example for these are FAST*PRO, STATA, TrueEpistat,
DSTAT, and DESCARTES.

A few commercially available general statistical software like STATA,
SAS, S-Plus, StatsDirect, StatXact, and TrueEpistat have included facilities
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for meta-analysis by introducing specialized routines (Kuss and Koch,
1996). The commercial software is bound to make frequent changes to
appeal the customers with an additional cost. While choosing the best soft-
ware, one has to compare the facility provided against cost (Egger et al.,
1998).

17.2.1 FAST*PRO

The FAST*PRO is entirely devoted to the appraisal of evidence. Results
from a wide range of experimental and observational study designs can be
analyzed using dichotomous, categorical, or continuous effect measures,
including odds ratios, relative risks, and risk differences. The program
accommodates studies conducted in single groups of patients (e.g., natural
history studies) and studies in which groups received different doses of the
same treatment. The software is based on the confidence profile method,
which uses Bayesian statistics to calculate posterior probability distribu-
tions for parameters of interest. The probability distributions, referred to
as profiles, are graphically displayed to provide a visual picture of the
uncertainty attached to a parameter. Different models can be used to
combine the profiles constructed from individual studies. This includes
Bayesian models that accommodate the fixed and random-effects assump-
tion, conventional fixed-effects models (e.g., variance-weighted, Mantel—
Haenszel, Yusuf-Peto) and the DerSimonian—Laird random effects model.

17.2.2 STATA

STATA is a comprehensive statistics, data management and graphics
package for which, a meta-analysis command has recently been written.
Individual-level or study-level data are analyzed using standard methods
to provide an effect estimate (e.g., odds ratio, risk difference, or differ-
ence between means) and corresponding standard error for each study.
The meta-analysis command then calculates fixed-effects (variance-
weighted) and random-effects (DerSimonian and Laird, 1986) estimates,
together with the standard test for heterogeneity between studies and
estimate of between-study variance. The classical meta-analysis graph is
displayed with either the fixed-effects or random-effects combined esti-
mate. Empirical Bayes estimates of the true effect in each study given the
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random-effects model can be calculated, displayed, and graphed. Results
and graphical displays can be shown either on the original scale or on the
ratio scale (when the original effect estimates are on a log scale). Funnel
plots can be displayed using the standard graphics facilities of the package.
Commands on meta-regression, which can be used to explore sources of
heterogeneity between studies, and on the cumulative meta-analysis are
also available.

17.2.3 TRUE-EPISTAT

True-Epistat is a statistics package, which also offers a number of meta-
analysis capabilities. Studies comparing two groups and using odds ratios,
relative risk, risk difference (dichotomous outcomes), or standardized
differences (continuous outcomes) can be analyzed in a variance-weighted
fixed effects model or a DerSimonian—Laird random effects model. Data
are entered in a two-by-two table or as group variances along with the
difference between two means. Correlation coefficients, test statistics
from widely used distributions and p-values (and mixtures of the former)
can also be combined. The results are given in tabular form or in the
typical graphical display showing effect measures and confidence inter-
vals for each study and for the overall result. Funnel plots can be drawn.
The graphics can be edited on the screen and printed.

17.2.4 DSTAT

DSTAT was developed for meta-analysis in the psychological sciences. It
combines studies comparing two groups. The data are entered as correla-
tion coefficients, test statistics, p-values, or mixtures. These statistics are
then converted into a standardized (scale-free) effect measure, the effect
size (Hedges g) that is defined as the difference between the two groups
expressed in pooled standard deviation units. If the user wishes to do so, a
bias-adjusted effect size can be calculated. Adjusted or unadjusted effect
sizes of individual studies are then combined to produce an overall value.
Clinically more relevant quantities such as the difference in risk, the rela-
tive risk, or the odds ratio cannot be calculated with DSTAT. Also, results
cannot be graphically displayed. These drawbacks limit the usefulness of
DSTAT for meta-analysis in medical research.
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17.2.5 DESCARTES

DESCARTES is a set of software tools for writing systematic reviews
and performing meta- analysis, which is being developed by Update Soft-
ware, the company, which is responsible for the Cochrane Library and
the Cochrane Collaboration’s RevMan package. It is an interactive guide
through all the steps involved, from protocol through data collection and
analysis to publication in paper and electronic formats. The emphasis is on
producing a finished document (protocol, systematic review, or individual
meta-analysis). Output is geared toward publication of quality graphics,
text, and tables. Data for meta-analyses can be imported from other
packages (e.g., RevMan), entered directly into a spreadsheet or entered
interactively via guided data-entry screens, which check for impossible
or unlikely values. Standard fixed effects and random effects models and
meta-regression models are available for dichotomous, continuous, and
individual patient data. Graphical output allows a wide range of plots (for
example Funnel, L’ Abbe, and Galbraith plots). Cumulative meta-analysis
and sensitivity analyses are also available. Suggested interpretations of
calculated statistics can be generated automatically in textual form and
included in the output. All DESCARTES output can be pasted directly into
other Windows packages.

17.3 META-ANALYSIS CALCULATOR

In addition to the statistical software available, a meta-analysis calculator
was developed using a Microsoft Excel by Hanji et al. (2006). In this
calculator, two different methods were incorporated mainly, the I'V method
meta-analysis and DL method meta-analysis with incorporation of fixed
effects model and random effects model, respectively. This calculator has
been validated by comparison with the results obtained by the STATA. It
is worthy of stating here that, one of the lacunae in the literature was that
the researchers employed available packages rather than developing the
suitable calculators. To develop this, calculator ideas and sometimes sub-
routines were borrowed from various sources (Egger et al., 2001).
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ABSTRACT

STATA is a general-purpose, command-line driven, programmable statis-
tical package in which commands to perform several meta-analytic
methods are available. The major advantage with STATA is the continuous
updating of the user written commands and placing them online along
with complete description of the same including its utility. They are freely
available on the Internet. All the commands related to meta-analysis can
be searched using the command “search meta.” The editor can be accessed
by issuing a dot command “edit” or by clicking data in the main menu
and data editor in the sub menu. Later data can be entered or edited in
any of the cell by assuming every column is one variable and every row
is observation for that particular variable. The major commands like meta
for point estimators, metan for ratio estimators, funnel for funnel plot,
labbe for labbe plot and metacum for cumulative meta-analysis are illus-
trated using live examples, syntax of commands and their variations to get
desired output along with proper interpretation. Similarly other commands
like metap for mata-analysis of p values, metacum for cumulative pooled
estimates, metareg for meta-regression, metainf for influence analysis,
metabias for publication bias, galbr for Galbraith plot for heterogeneity
and some more commands are used as per the syntax provided to complete
the meta-analysis.

18.1 GETTING STARTED

STATA is a general-purpose, command-line driven, programmable statis-
tical package in which commands to perform several meta-analytic
methods are available. The major advantage with STATA is the continuous
updating of the user written commands and placing them online along
with complete description of the same including its utility. They are freely
available on the internet (Egger et al., 2001).

Soon after installing the core STATA software at our computer, we
need to download all the user written commands published in the STATA
Technical Bulletin by executing a dot command, namely, “update all.”
This being an online command, we have to ensure internet connectivity
to our computer before issuing the above command. This command will
automatically connect our system to www.stata.com and update the core
package with latest developments on user written commands.
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All the commands related to meta-analysis can be searched using the
command “search meta.” This will list out all meta-analysis-related user
written commands along with the STATA technical bulleting serial number
starting with stb. The specific stb commands can be installed by selecting
help menu followed by clicking on “STB and User-Written Programs,”
“http://www.stata.com,” “stb,” and select a specific stb command listed
and click to install the same.

To get any help on the specific stb command including its syntax,
utility, etc., we can issue a dot command “help” followed by specific
stab command’s name in a line. This will educate us in full about any stb
command.

18.2 PREPARATION OF DATA USING THE EDITOR

The editor can be accessed by issuing a dot command “edit” or by
clicking Data in the main menu and Data editor in the sub menu. Later
data can be entered or edited in any of the cell by assuming every column
is one variable and every row is observation for that particular variable.
By default variable names are named at varl, var2, var3, etc. By clicking
on the default variable name given by the system, we can change the vari-
able name as per our requirement. By selecting all the observations in a
variable or a single observation under any variable, we can delete an entire
variable or particular observation as per our requirement after choosing
the icon delete provided just above the editor. We can enter the data given
in the following table using the edit command.

SI.  Study name Study year Effect size Standard Variance
No. error

1 Reddy 2010 0.4 0.05 0.0025
2 Hanji 2012 0.8 0.30 0.0900
3 Patil 1945 0.5 0.20 0.0400
4 Gowda 1960 0.7 0.25 0.0625
5 Swamy 2001 0.6 0.15 0.0225
6 Singh 2005 0.9 0.40 0.1600

The diagrammatic view of the STATA package when we completed the
data entry is given below.
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The date entered in the editor can be saved to the file with any name
using the following command

save filename

The data will be saved to the filename specified in the above command
with extension dta.

The stored file can be opened by using the command

use filename

We can close the editor by clicking on the close icon

18.3 RUNNING THE COMMAND META

The command “meta” expects the user to provide estimator along with
either standard error or variance of the estimator for each study. It calculates
pooled estimate under fixed effects/random effects/Bayesian approach
using inverse-variance weighting method. It also tests the true pooled
effect is zero or not andprovides confidence limits. A test for heterogeneity
between studies is conducted after estimating the between studies variance
and optionally, plots the individual and pooled estimates in forest plot.

As there is a separate command, namely, “metan” available exclusively
for ratio estimators like odds ratio, etc., our discussion here is restricted to
options of effect size only.
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The syntax of the command is as following

meta Variable name containing estimator Variable name containing
standard error of estimator OR Variable containing variance of esti-
mator with following options:

[, var print ebayes level(#) graph(flrje) xlabel() id(strvar) fmult(#)
boxysca(#) boxshad(#) cline ltrunc(#) rtrunc(#)]

The details of options are explained below:

, var Soon after second variable followed by “, var” means second
variable is not a standard error of the estimator but that contains vari-
ance of the estimator.

print produces weights and confidence intervals for individual studies.

ebayes level(#) By default # has to be 95 and it creates two variables,
namely, ebest and ebse and ebest contains Bayes estimate and ebse
contains standard error for individual study.

graph(f]r|e) produces forest plot with combined estimate based on the
option selected f,r,e for fixed effect, random effect, Bayesian estimate,
respectively.

xlabel(values separated by cama) Provides labels for X-axis.

id(strvar) Here, server is the name of the variable containing name of
the individual study.

fmult(#) decides the font size for Study labels of graphs by fixing #
with any number (0-8).

boxysca(#) decides vertical length of the graph by fixing # as 1 or 0.
boxshad(#) decides shade of box of graph by fixing # as 0—4.
cline prints vertical dotted line at the pooled estimate value.

Itrunc(#) truncates the left side of the graph at the value specified
at # which must be less than all values of effects sizes of individual
studies.

rtrunc(#) truncates the right side of the graph at the value specified at
# which must be greater than all values of effects sizes of individual
studies.
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Now, we can try above command with all possible combinations with
the above data and view the results one by one.

1. meta EffectSize StdError
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3.

meta EffectSize Variance, var print
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The editor containing newly created variables, namely, ebest and ebse
is displayed below
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6. meta EffectSize Variance, var graph(r)
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meta EffectSize Variance, var graph(e) xlabel(.3,.4,.5,.6,.7)
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10. meta EffectSize Variance, var graph(e) xlabel(.3,.4,.5,.6,.7) id(Study
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12. meta EffectSize Variance, var graph(e) id(StudyName) boxshad(4)
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We can save or copy or print the graph by clicking right switch of the
mouse as shown above.

18.4 RUNNING THE COMMAND METAN

The command “metan” expects user to provide either four or six variables.
When four variables are provided, ratio estimators like odds, risk, or risk
difference estimators are calculated. Six variables means data is expected
to come from two groups with estimator, its standard error and sample
size for each group. The command calculates pooled estimate under
fixed effects/random effects/Bayesian using inverse-variance weighting
and provides confidence limits and tests the true pooled effect is zero. A
test for heterogeneity between studies is conducted after estimating the
between studies variance and optionally, plots the results in forest option-
ally to describe heterogeneity. In addition, L’ Abbe plot and funnel plots
can be produced to investigate heterogeneity and bias among the studies
as per requirement with additional commands, namely, labbe and funnel.
The syntax of the command is as following:

metan names of variables [, rr or rd hedges cohen glass nostan-
dard fixed fixedi random randomi peto chi2 ilevel(#) olevel(#)
notable nograph xlabel(#,...,#) force boxsha(#) boxsca(#) texts(#)
saving(filename) nowt nostats nooverall ].

funnel Names of variables [, sample noinvert ysqrt overall(#) graph
options |.

labbe Names of variables [, nowt percent graph options |.

The details of options are explained below:

Options for binary data

rr pools risk ratios.

or pools odds ratios.

rd pools risk differences.

fixed specifies a fixed effect model using the Mantel-Haenszel method.

fixedi specifies a fixed effect model using the inverse variance method.
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random specifies a random effects model using the method of DerSi-
monian & Laird, with the estimate of heterogeneity being taken from
the Mantel-Haenszel method.

randomi specifies a random effects model using the method of DerSi-
monian & Laird, with the estimate of heterogeneity being taken from
the inverse variance method.

peto specifies that Peto’s assumption free method is used to pool odds
ratios.

chi2 displays the chi-squared statistic (instead of z) for the test of
significance of the pooled effect size. This is available only for odds
ratios pooled using Peto or Mantel-Haenszel methods.

Options for continuous data

cohen pools standardized mean differences by the method of Cohen.
hedges pools standardized mean differences by the method of Hedges.
glass pools standardized mean differences by the method of Glass
nostandard pools unstandardized mean differences.

fixed specifies a fixed effect model using the inverse variance method
with Cohen mean difference by default.

random specifies a random effects model using the method of DerSi-
monian & Laird with Cohen mean difference by default.
General output options

ilevel() specifies the significance level for the individual trial confi-
dence intervals, namely, 95, 99.

olevel() specifies the significance level for the overall (pooled) confi-
dence intervals, namely, 95, 99.

notable prevents display of table of results.

nograph prevents display of graph.

Graphical display options for forest plot

boxsha() controls box shading intensity, between 0 and 4.
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boxsca() controls box scaling, which by default is 1.

texts() specifies font size for text display on graph. The default size
is 1.

nowt prevents display of study weight on graph.

nostats prevents display of study statistics on graph.

nooverall prevents display of overall effect size on graph: default
enforces the nowt option

Options for funnel

The funnel command with no parameters specified will produce a
standard funnel plot of precision (1/SE) against treatment effect.

sample denotes that the y-axis is the sample size and not a standard
error.

noinvert prevents the values of the precision variable from being
inverted.

ysqrt represent y-axis on square root scale.

overall(x) draw a dashed vertical line at overall effect size given by x.

Options for labbe

By default the size of the plotting symbol is proportional to the sample
size of the study. If weight is specified the plotting size will be propor-
tional to the weight variable.

nowt declares that the plotted data points are to be the same size.
percent display the event rates as percentages rather than proportions.
xlabel(values separated by cama) display the values on x-axis.
ylabel(values separated by cama) display the values on y—axis.

We will enter the following binary data consisting of four cells for each

study depicting effect or no effect in intervention and control groups into
the editor before executing the metan command.



Running Meta-Analysis Using Stata 187

SI. No. Study name  Study year Intervention group Control group

Effect No effect Effect No effect

1 Reddy 2010 1 39 2 34
2 Hanji 2012 9 126 23 112
3 Patil 1945 2 198 7 193
4 Gowda 1960 1 47 1 45
5 Swamy 2001 10 140 8 140
6 Singh 2005 1 58 9 47

After entering the data with suitable variable names, the STATA editor
looks like below.
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Now, we will execute all possible combinations metan command for
binary data given above and view the results:
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.435897 .03783?  5.02166 4.2723?
.347826 .154492  .783104 44.681
.278499 .057139  1.35742 14.4242
957447 .058118  15.7731 2.08141

1.25 .479214  3.26055 15.6455
090038 .011009  .736363 18.8956

M-H pooled OR | .446717 270269 738361
Heterogeneity chi-squared 5 <d.
T 1: 2

?.6!
est of 0 3.14 p = 0.002

W 'E o i
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3.

metan IntEffect IntNoEffect ContEffect ContNoEffect, rd

[ Intercocled Stata 8.2

File Edit Prefs Data Graphics Statistics User Window Help

zd & % sHB © 08 (]

Stata Graph

metan IntEffect IntNoEffect ContEffect ContNoEffect, rd
Study ! RD 95% Conf. Intervall Weight

030556 6.05031

012613
143765 042091

M-H pooled RD 042441 -.068038 -.016845

Heterogeneity squared 13.70 Cd.f. = 5> p
Test of RD=0 : z= 3.25 p = 0.001

@ =

Ll o

(Jintercooled Stata 8.2 =

File Edit Prefs Data Graphics Statistics User Window Help

=4 & ¢ EEB © OB (X)

2 Stata Graph

netan IntEffect IntNoEffect ContEffect ContNoEffect, or fixed
Study ! OR  [95% Conf. Intervall Veight
i .43589? .03783? 5.02166 4.2723?7
.090038 2011009

M-H pooled OR 446717 270269 .738361

H reity chi-squared ?.65 (d.f S p
Test of OR=1 : z= 3.14 p = 0.002

S "

189
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5. metan IntEffect IntNoEffect ContEffect ContNoEffect, or fixedi

{F Intercooled Stata 8.2

File Edit Prefs Date Graphics Statistics User Window Help

zd & ¢ sEEB © 0B (X)

=] Stata Graph

. metan IntEffect IntNoEffect ContEffect ContNoEffect, or Fixedi
Stud ORI Conf. Int 11 Weight

435897 .037837  5.02166 4.74762
347826 154492  .783104 43.0598
278499 .057139  1.35742 11.3044
957447 058118  15.7731
1.25 .479214  3.26055
.090038 .011009  .736363 6.42189

483842 284067  .824112

squared ?2.56 <d.f.
2.67 p = 0.008

=

Bl .lelelc|x]e]@]m]/]=]H] ceo |

Lo i — |

6. metan IntEffect IntNoEffect ContEffect ContNoEffect, or random

[ Intercooled Stata 8.2

File Edit Prefs Data Graphics Statistics User Window Help

sd & O HRE S OB (]

Stata Graph

. metan IntEffect IntNoEffect ContEffect ContNoEffect, or random
OR  [95% Conf. Intervall Veight
435897 037837 5.02166 ?2.91005
32.1674
15.5585

g X 27.9633
.090038 (011009  .?736363 10.1537

.454278 .215301 958509

CADATA

-l !
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7. metan IntEffect IntNoEffect ContEffect ContNoEffect, or randomi

[J Intercooled Stata 8.2

File Edit Prefs Data Graphics Statistics User Window Help

zE & 6 SEB S OB (X)

metan IntEffect IntNoEffect ContEffect ContNoEffect, or rand
OR  [95% Conf. Intervall % Meight

435897 .037837  5.02166

1.2! 2
090038 736363

D+L pooled OR | .455018 216807 954954

Heterogeneity chi-squared ?2.56 Cd.f.

5> p
timate of betu: tudy variance Tau-squared
0.03?

Test of OR=1 : .08 p

CIFIEI-I. -

8. metan IntEffect IntNoEffect ContEffect ContNoEffect, or peto

(& Intercocled Stata 8.2 =@

File Edit Prefs Data Graphics Statistics User Window Help

=d & ¢t sEB o 08 (x]

Stata Graph

metan IntEffect IntNoEffect ContEffect ContNoEffect, or peto

Study | OR  [95% Conf. Intervall Weight

.451454 045392 .49006 4.22001
41.516'

1
2
2

{.166126 .045635  .604746 1

Peto pooled OR | .458591 285281  .?737186

Heterogeneity chi ?.48 Cd.f 5> p

Test of OR=1 : z= 3.2

3.

< E
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9. metan IntEffect IntNoEffect ContEffect ContNoEffect, or chi2

[ intercooled Stata 8.2 ® =
File Edit Prefs Data Grophics Statistics User Window Help

DEQ@%“E!@DE (]

» ] Stata Graph

35897 .
47826 1
78499 [057139  1.35742
57447 .058118  15.7731
1.25 .479214  3.26055
090038 .011009  .?36363 18.8956

446717 .270269  .?738361

?.65 Cd.f 5> p = 0.177
10.36 Cd.f 1> p = 0.001

gl ele] oS ealE] 7= mE

Now, we will enter the following continuous data consisting of six
cells for each study depicting sample size, mean, standard deviation of
the mean for both intervention and control groups into the editor before
executing the metan command.

S Study Study Intervention group Control group

No. name year Sample Mean Standard Sample Mean Standard
size deviation size deviation

1 Reddy 2010 6 39 1.3 7 34 24

2 Hanji 2012 9 126 3.1 8 112 2.8

3 Patil 1945 4 198 1.5 5 193 1.8

4  Gowda 1960 5 47 1.9 4 45 1.4

5 Swamy = 2001 8 140 29 9 140 3.0

6  Singh 2005 7 58 2.5 6 47 1.2

After entering the data with suitable variable names, the STATA editor
looks like below.
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[ intercooled Stata 8.2 ® ==
File Edit Prefs Window Help

zd & i s O

2 Stata Editor

Breserve | Bestore Sot « Hide Delete.
StdDev2[6] = [
StudyName | StudyYear | SampleSizel | Meani StdDevi | SampleSize2 | Mean2 | StdDev2
1 Reddy 2010 6 39 1.3 34 2.4
2 Hanji 2012 9 126 3.1 8 112 2.8
3 Patil 1945 4 198 1.5 s 193 1.8
4 Gowda 1960 5 47 1.9 4 45 1.4
s Swany 2001 8 140 2.9 9 140 3
6 Singh 2005 ? 58 2.5 6 a7 %2

CADATA

dlelelo=elalE/l=E]

Now, we will execute all possible combinations metan command for
continuous data given above and view the results:

10. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
cohen

[Jintercooled Stata 8.2 = N x|
File Edit Prefs Data Graphics Statistics User Window Help

zd & ¢ REB G OB (]

. metan SampleSizel Meani StdDevi SampleSize2 Mean2 StdDev2. cohen

Conf. Intervall Weight

1.01023  4.04698 16.2257

A 6.66385 2| Stata Graph
5-02053 il
2]

957371
2.92925  7.98428

1.06369  2.28693

33.21 Cd.f. = §> p
0.000

)] LIRS i |
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11. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
hedges

8 Intercooled Stata 8.2 =

File Edit Prefs Data Graphics Statistics User Window Help

=d & S sHEB ¢ Oa Q

. metan SampleSizel Meani StdDeui SampleSize2 Mean2 StdDev2, hedges
S [95% Conf. Intervall
.815319
2 ] Stata Graph

17.754

41.9266

2.49701 5.71216
.52483 .908162  2.1415

quared = 28.47 Cd.f. = §) p
4.85 p = 0.000

A [

12. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
glass

[ Intercooled Stata 8.2 B

File Edit Prefs Data Graphics Statistics User Window Help

zd & ¢ EB S 08 (]

. metan SampleSizel Meani StdDevl SampleSize2 Mean2 StdDev2, glass
Study ! si 952 Conf. Intervall % Weight

477581 3.68909 17.9346
?.78689 5.95399 1) Stata Graph
5.10882 8.51034
3.17078 15.2353
.952371 50.9841

3.38152  14.9518 1.38172

I-U pooled SMD | 1. 572015  1.93206

Heterogeneity chi d = 23.49 Cd.f. =S p
Test of SMD=0 : z= 3.61 p = 0.000

o el () !
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13. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,

nostandard

(J Intercocled Stata 8.2 o[
File Edit Prefs Data Graphics Statistics User Window Help

Fd & S SRR & OB (%]

. metan SampleSizel Meani StdDevi SampleSize2 Mean2 StdDev2, nostandard

pooled WHD

hi-squared
12.

6.08232

952 Conf.

2.94015
.1953

5.14954

85.77 <d
0.000

Intervall

13.0861
7.01509

> p

% Weight

29- ¥ | Stata Graph

14. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
glass fixed

(-l Intercooled Stata 8.2
File Edit Prefs Dats

sd & O

Graphics

Statistics

SEB ¢ 02

User

Windo

Help

(<]

. metan SampleSi

Stud

1-u

Heterogenei
Test of SMD:

pooled SMD !

Mean1 StdDevi SampleSi

SMD
2.08333

22278
42857

16667
1.25204

hi-squared
z= 3.61 p

[95% Conf

477581

3.38152
572015

23.49 <d
0.000

Intervall
3.68909
7.78689

882
078
.952371
14.9518
1.93206
£.= 5 g

2 Mean2 StdDev2, glass fixed

Weight

7.934
RETE I - s Goon

S ] !
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15. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
hedges random
[HIntercooled Stata 8.2 o0 )==

File Edit Prefs Dota Graphics Statistics User Window Help

=d & ¢ RE S 08 (x]

. metan SampleSizel Meani StdDevi SampleSize2 Mean2 StdDev2, hedges random

SMD [958 £. Intervall

2.35219 5319 3.88907 17.6082

4.48351 1796 6.44906 15.9373
I 2.64864 553027  4.74426 15.4224 1] Stata Graph
! 1.04343  -.420103  2.50697 17.883

1 0 -.952371  .952371 19.5996
! 5.07606 2.49201  7.65512 13,5495

2.41159 82366 3.99952

0.000
3.1129

CADATA
T~ = P a) W
© w.’&‘i\“_)\[_ | | B2 o2 | =2 BN S !

Now we will explore the general options available with metan command

16. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
glass-fixed ilevel(90)

[(Dintercooled Statas2 = Fo8 x|
File Edit Prefz Dats Graphics Statistics User Window Help

Wl & Gt sEB S OB (<]

tan SampleSizel Meani StdDevi § 2 Mean2 StdDev2, glass fixed ilevel(90>
SMD  [9¢ . a11

43092 17.9346

2.08333 735744 3.
1 6117 7.

i1 2.72728
i 1.42857

i 9.16667

1.25
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17. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
glass-fixed olevel(90)

{JIntercooled Stata 8.2
File Edit Prefs Data Graphics Statistics User Window Help

zEd & ¢ SRR © OE (]

. metan SampleSizel Meani StdDevi SampleSize2 Mean2 StdDev2, glass fixed olevel<90>

2.08333 17.9346
5 1

5.95399 2] Stata Graph
i 2.77728
i 1.42857

i 9.16667 38152 9518 1.38172
s nf. Ir 11
1.25204 .681344°  1.82273

23.49 <d.f. = §> p = 0.000
0.000

CADATA

ol jelelola]e @] =] .

18. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
glass-fixed notable

(¥ Intercooled Stata 8.2 =
File Edit Prefs Dats Graphics Statistics User Window Help
sd & ¢ sEB © 08 (<}

) Stata Result 5] Stata Graph

. metan SampleSizel Meani StdDeul SampleSize2 Mean2 StdDeu2, glass fixed notable

@ L\[i[ € | = | = J @ \[QJ = \['7\ & @ LAY B
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19. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
glass-fixed nograph
¥ Intercooled Stata 8.2 = EcE ~x=|

File Edit Prefs Data Graphics Statistics User Window Help

sd & St SR e Oa [}

tata Result: 52

. metan Samj Mean1 St " s fixed nograph

SMD
2.08333
5

2.22778
1.42857

9.16667
1.25204 572015  1.93206

ed 23.49 Cd.f. = 5> p = 0.000
p = 0.000

5 | Stata Command

@ "l@/‘[&;“f)‘[;J@[@‘“g‘[, ‘l‘\s[@‘ Al B

Now we will discuss the graph options available with metan command

20. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
glass-fixed boxsha(3)

¢ Jeooled Stata 8.2 = o]

File Edit Prefs Data Graphics Statistics User Window Help

FHd & ¢ sHBE S O [x]

. metan SampleSizel Meani StdDevi SampleSize2 Mean2 StdDev2, glass Fixed boxsha<3>
D [95% Conf. Interval

477581 3.68909 17.9346
2.21311  7.78689 5.95399 s
-446734  5.10882 8.51034 Stata Graph
1142857  -1313633  3.17078 15.2353
-1952371  .952371 50,9841
9.16667 3.38152  14.9518 1.38172

1.25204 572015 1.93206

23.49 <d.f 5> p = 0.000
~000

glolelelol=elal=l =S SRR
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21. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
glass-fixed boxsca(.5)

& Intercooled Stata 8.2 =8 o]

File Edit Prefs Data Graphics Stetistics User Window Help

=d & ¢ sER 3 08 (<]

. metan SampleSizel Meani StdDevi SampleSize2 Mean2 StdDev2. glass fixed boxsca<.5>

. Intervall % Weight

.477581  3.68909 17.9346
2.21311  7.78689 5.95399
.446734  5.10882 8.51034

-1313633  3.12078 15.2353

-.952371  .952371 50,9841
3.38152 14.9518 1.38172

= Stata Graph

.572015  1.93206

23.49 <d.f 5> p = 0.000
060

Bl . [elecleclx]e[alm=]/=]HE] oo g |

22. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
glass-fixed texts(.5)

{HIntercooled Stata 8.2 =@

File Edit Prefs Data Graphics Statistics User Window Help

sd & St sEB S OB [x]

. metan SampleSizel Meani StdDevi SampleSize2 Mean2 StdDev2, glass Fixed texts<.5)
MD [95% Conf. Intervall Veight

2.08333 .477581  3.68909 17.9346
2.21311  ?7.78689 5.95399

2.22778 .446734  5.10882 8.51034
1.42857 -1313633  3.17078 15.2353
0 -.952371  .952371 50.9841
9.16667 3.38152  14.9518 1.38172

5] Stata Graph

1.25204 .572015  1.93206

23.49 <d.f 5> p = 0.000
0.000

< !
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23. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
glass-fixed nowt

& Intercooled Stata 8.2 =@

File Edit Prefs Data Graphics Statistics User Window Help

sl & $ EB © 08 (<]

. metan SampleSize1 Meani StdDevi SampleSize2 Mean2 StdDev2, glass fixed nowt

SMD [95% Conf. Intervall

.08333 .477581  3.68909 17.9346
5 2.21311  7.78689 5.95399
22278 46734 5.10882 8.51034
42857 13633 3.17078 15.2353
0 -.952371  .952371 50.9841
16667 3.38152  14.9518 1.38172

5] Stata Graph

25204 572015  1.93206

chi-squared = 23.49 (d.f. = §> p
< z= 3.61 p = 0.000

< !

24. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
glass-fixed nostats

“Jintercooled Stata 8.2 Z

File Edit Prefs Data Graphics Statistics User Window Help

sd & St EB S O [}

. metan SampleSizel Meani StdDevi SampleSize2 Mean2 StdDev2, glass fixed nostats
SMD (952 Conf. Intervall Veight

.08333 477581 3.68909 17.9346
5 0
o Stata Graph
-42857 2
952371
16667 38152 14.9518 1.38172

.25204 572015  1.93206

chi

23.49 <d.f > p

eneit ced
SMD=0 3.61 p = 0.000

CADATA
Ol . jelcle][=]e|B == cmo
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25. metan SampleSizel Meanl StdDevl SampleSize2 Mean2 StdDev2,
glass-fixed nooverall

(J Intercooled Stata 8.2
File Edit Prefs Date Graphics Statistics User Window Help

FWd & St oEB © OB X}

. metan SampleSizel Meani StdDevi Samp! 2 Mean2 StdDev2, glass fixed nooverall

SMD  [95 £ a11

2.08333 .477581  3.68909 17,9346
H 5 3.21311  7.78689 5.95399 (I8 ”
i 2.72278 ~346734  5.10882 8.51034 SEE
i 1lazes?  -1313633  3.17078 15.2353

o -laszay 952371 50.9841
9.16667  3.38152  i4.9518 1.38172

1.25204 572015 1.93206

23.49 <d.f 5> p = 0.000
0.000

CADATA

@[ \‘[@J‘G‘J/)‘;J‘@”s"’i‘s‘[’ “‘E“Lﬁg R i

Now we will discuss the funnel graph options available with metan
command

26. funnel,

¥ Intercocled Steta 8.2 =3 o
File Edit Prefs Data Graphics Statistics User Window Help

6 & S EHB © OB ()

# 1 Stata Graph

EHIERERIEICNIEEEE] =2 |
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27. funnel, sample

“§Intercooled Stata 8.2

File Edit Prefs Data Graphics Statistics User Window Help

& & ¢ SEEB © OB (]

# ] Stata Graph

e) A[@;JG‘J )J:,.“@"E“g[, \[‘\E\E@ = B

28. funnel, noinvert

[Hintercooled Stata 8.2

File Edit Prefs Data Graphics Statistics User Window Help

sd & ¢t oEEB G OB (X}

= Stata Graph

. funnel, noinvert

Bloleleleclxlela@l=lsl=]E] e
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29. funnel, ysqrt

[ intercocled Stata 8.2 @

File Edit Prefs Data Graphics Statistics User Window Help

sH & % sEE G OB (x]

5] State Graph

DATA
) = T @ | = G\ w2l I T il a
Ol e ¢clec|a|e|B|m=|J]kx|fE cmo |

30. funnel, overall(1.25)

( Intercooled Stata 8.2 c =

File Edit Prefs Dats Graphics Statistics User Window Help

=l & S ER S OB [X)

5] Stata Graph

. funnel. overall(1.25)
on Mean  Std. Dev.

3.409391  3.267452

o ) (p !
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Now we will discuss the labbe graph options available with metan
command but it requires the binary data only so we will activate our earlier
data set as following

[&intercocled Stata 8.2 < =
File Edit Prefs Wi