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Abstract 
Background: Systematic reviews including several studies will have some diversity, even if they ad-
dress a similar topic. Studies have different designs, participants, interventions/exposures, and ex-
pected outcomes. This diversity is called heterogeneity. For its relevance, we will put forward some 
methodological strategies to measure and explore it.
Objective: To demonstrate how to measure and explore heterogeneity in a meta-analysis.
Main topics under analysis: We present the concept of heterogeneity in meta-analysis, as well as its 
types, measurement models, and conditions for its application. We also put forward several method-
ological options for exploring heterogeneity, using practical examples to operationalize them.
Conclusion: Exploring heterogeneity in a meta-analysis is an essential step in the development of 
a systematic review to increase the consistency of its results and, consequently, the strength of its 
recommendations.

Keywords: meta-analysis; review literature  as topic; effectiveness; epidemiologic methods; evi-
dence-based practice

Resumo 
Enquadramento: As revisões sistemáticas ao incluírem diversos estudos, ainda que abordem uma 
questão semelhante, irão reunir inevitavelmente algum grau de diversidade. Os estudos têm diferentes 
desenhos, assim como participantes, intervenções/exposições ou mesmo outcomes/ resultados espera-
dos. Essa diversidade é denominada de heterogeneidade e pela sua pertinência consideramos essencial 
apresentar algumas estratégias metodológicas para a medir e explorar.
Objetivo: Demonstrar como se mede e explora a heterogeneidade de uma meta-análise.
Principais tópicos em análise: É apresentado o conceito de heterogeneidade em meta-análise, bem 
como as suas tipologias, modelos de medida e condições para a sua aplicação. Adicionalmente aponta-
mos diversas opções metodológicas que permitem explorar a heterogeneidade, recorrendo a exemplos 
práticos para as operacionalizar.
Conclusão: A exploração da heterogeneidade de uma meta-análise assume-se como um passo im-
prescindível na realização de uma revisão sistemática que melhora a consistência dos seus resultados e, 
consequentemente, a força das suas recomendações.

Palavras-chave: metanálise; literatura de revisão como assunto; efetividade; métodos epidemiológi-
cos; prática clínica baseada em evidências

Resumen
Marco contextual: Las revisiones sistemáticas, al incluir varios estudios, aunque aborden una cuestión 
similar, reunirán inevitablemente cierto grado de diversidad. Los estudios tienen diferentes diseños, 
así como participantes, intervenciones/exposiciones o incluso resultados esperados. Esta diversidad se 
denomina heterogeneidad y, debido a su relevancia, consideramos imprescindible presentar algunas 
estrategias metodológicas para medirla y explorarla.
Objetivo: Demostrar cómo medir y explorar la heterogeneidad en un metaanálisis.
Principales temas en análisis: Se presenta el concepto de heterogeneidad en el metaanálisis, así como 
sus tipologías, modelos de medición y condiciones para su aplicación. Además, señalamos varias op-
ciones metodológicas que permiten explorar la heterogeneidad, utilizando ejemplos prácticos para 
operacionalizarlas.
Conclusión: Explorar la heterogeneidad de un metaanálisis es un paso esencial en la realización de 
una revisión sistemática que mejora la consistencia de sus resultados y, en consecuencia, la fuerza de 
sus recomendaciones.

Palabras clave: metaanálisis; literatura de revisión como asunto; efectividad; métodos epidemiológi-
cos; práctica clínica basada en la evidencia
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Introduction

Systematic reviews seek to identify, appraise, and summa-
rize all relevant studies that meet predefined criteria to 
answer one or more predefined questions (Aromataris 
& Pearson, 2014). Although there are numerous types 
of systematic reviews with methodological specificities, 
the most common type is the systematic review of ef-
fectiveness, which aims to assess the effectiveness of one 
or more interventions or therapies (Santos & Cunha, 
2013; Tufanaru et al., 2017). These systematic reviews 
of effectiveness lack an aggregative synthesis technique, 
so they usually use meta-analysis to summarize statistical 
results with the positivist goal of reducing the subjectivity 
of traditional data obtained by narrative synthesis and 
synthesizing data from different studies into a single 
measure (Apóstolo, 2017; Santos & Cunha, 2013; Santos 
et al., 2016).
It should be noted that the terms systematic review and 
meta-analysis are often misused. In the literature, we 
found meta-analyses that were not based on a consis-
tent synthesis process, that is, they were not the subject 
of a systematic review (Santos & Cunha, 2013). The 
meta-analysis is one of the final steps of what should be 
a rigorous process that should only be performed if the 
necessary conditions are met, that is, in the presence of 
several predetermined assumptions, such as the homo-
geneity of the included studies (Santos & Cunha, 2013; 
Tufanaru et al., 2017; Tufanaru et al., 2015). We can, 
therefore, state that there are two synthesis options in 
a systematic review of effectiveness: meta-analysis and 
narrative synthesis (Tufanaru et al., 2015).
There are several proposed methods for the design, de-
velopment, publication, and dissemination of systematic 
reviews, of which we highlight those proposed by the JBI 
Collaborating Centers (Tufanaru et al., 2017) and the 
Cochrane Collaboration (Higgins et al., 2019). Howe-
ver, even though highly specific and comprehensive, 
reviewers usually find some of their steps to be easy and 
quick (Berman & Parker, 2002), with some inaccuracies 
and limitations that may render all the recommenda-
tions invalid (Imrey, 2020). Interestingly, this happens 
several times when we refer to the heterogeneity of the 
results of a meta-analysis. It is common for reviewers to 
only perform the meta-analysis rather than analyze or 
consider the heterogeneity, ignoring its implications and 
not exploring it properly (Higgins & Thompson, 2002; 
Santos & Cunha, 2013).
This article presents the fundamental concepts of hete-
rogeneity and inconsistency in a meta-analysis, as well 
as the different options for measuring and exploring it. 
We will specifically address the types of heterogeneity, 
the applicable statistical tests, and their implications for 
the choice of the analysis model, as well as the explo-
ration of heterogeneity through sensitivity, subgroup, 
and meta-regression analyses. Thus, this article aims to 
demonstrate how to measure and explore heterogeneity 
in a meta-analysis.

Development

Systematic reviews with meta-analysis can provide con-
vincing and reliable evidence for healthcare. Their value 
is enhanced when the results of the included studies show 
clinically significant effects of similar magnitude (Higgins 
et al., 2019). When this condition is met, the studies are 
homogeneous. To meet this condition, systematic reviews 
with meta-analyses usually calculate and interpret the 
statistical tests of heterogeneity (Higgins et al., 2003). 
At their genesis, these tests seek to confirm whether the-
re are genuine differences underlying the results of the 
studies (heterogeneity) or whether the variation in results 
is compatible with chance alone (homogeneity; Higgins 
et al., 2003; Santos & Cunha, 2013).
Overall, there are three types of heterogeneity (Higgins 
et al., 2019; Santos & Cunha, 2013): statistical hetero-
geneity (differences in outcomes) is the variability in the 
results of studies arising from clinical or methodological 
diversity, the wrong choice of treatment effect measures, 
or chance alone; methodological heterogeneity (differen-
ces in the designs of the included studies) consists of the 
variability in randomization, allocation concealment, 
blinding, and losses to follow-up/exclusions; clinical 
heterogeneity (differences in the characteristics of the 
studies, namely in participants, interventions/exposures, 
and outcomes) is the actual difference between studies 
due to their characteristics: participants (inclusion and 
exclusion criteria, diagnosis), interventions (type, dose, 
duration), and clinical outcomes (type, scale, cut-point, 
length of follow-up).
Heterogeneity can be intuitively identified by checking 
the graphs of meta-analyses for the clustering or disper-
sion of the individual effects of the studies (are the results 
similar? do the confidence intervals overlap?; Santos & 
Cunha, 2013). However, this procedure does not replace 
the application of the tests recommended for this purpose 
(Higgins et al., 2019). 
Statistical tests for heterogeneity derive from applying the 
chi-square test (X2; Marôco, 2021). The most commonly 
used tests are Cochran’s Q-test and the I2 test.
The Q-test assumes that the findings of the primary stu-
dies are equal (null hypothesis) and checks whether the 
data found refute this hypothesis. If the null hypothesis 
is confirmed, the studies are considered homogeneous (p 
> 0.05; Lau et al., 1998). However, the application of this 
test alone is not without problems and/or disadvantages 
because it is based on the X2 distribution, imposing a 
low power of the test for meta-analyses (Higgins et al., 
2003; Lau et al., 1998). Thus, the Q-test for meta-analyses 
involving a small number of studies may fail to detect 
heterogeneity. However, when the meta-analysis involves 
a large number of studies, the power of the test will be 
high and may reveal heterogeneity between studies that 
is statistically significant but clinically irrelevant (Higgins 
& Thompson, 2002; Higgins et al., 2019; Higgins et al., 
2003; Lau et al., 1998). Based on these limitations, the 
I2 test obtained using the Q-test was proposed (Higgins 
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& Thompson, 2002).
Although the I2 test can range from negative values to 
100%, for interpretative purposes, negative values are put 
equal to 0. An I2 around 0% suggests no heterogeneity 
between studies (homogeneity), where <25%, 25-75%, 
and >75% reflect low, moderate, and high heterogeneity, 
respectively (Higgins & Thompson, 2002; Higgins et al., 
2019; Higgins et al., 2003). The I2 test does not have the 
limitations of the Q-test, so it is recommended as a test 
of heterogeneity for assessing the consistency of evidence 
in systematic reviews with meta-analyses (Higgins et al., 
2019; Higgins et al., 2003).
As heterogeneity has implications for the results of syste-
matic reviews and their recommendations (Guyatt et al., 
2008), it should be explored and minimized or addressed 
if possible (Higgins et al., 2019; Santos & Cunha, 2013; 
Tufanaru et al., 2017). Several options are described for 
this purpose: Excluding studies with ambiguous inclusion 
criteria (Higgins et al., 2019; Santos & Cunha, 2013); 
Excluding studies with low methodological quality (Hi-
ggins et al., 2019; Santos & Cunha, 2013); Confirming 
the input of the meta-analysis data and re-analyze if there 
is any uncertainty about the results (Higgins et al., 2019; 
Santos & Cunha, 2013); Repeating the meta-analysis 
using different statistical models (fixed-effects or ran-
dom-effects models; Higgins et al., 2019; Tufanaru et al., 
2017; Tufanaru et al., 2015); Repeating the meta-analysis 
using different measures of effect (in case of statistical 
heterogeneity; Higgins et al., 2019; Santos & Cunha, 
2013; Tufanaru et al., 2017; Tufanaru et al., 2015); and 
Performing subgroup analysis or meta-regressions that 
predict and confirm the sources of heterogeneity. For 
example, the characteristics of the participants (different 
age groups, gender, among others), the interventions 
(type, dose, frequency, intensity, route of administration, 
among others), and the outcomes (type, different scales, 
cut-off points, length of follow-up, among others). These 
examples represent the most easily controlled sources of 
clinical heterogeneity. Additionally, subgroups can be 
performed based on specific aspects of a design, such 
as performing subgroup meta-analyses in clinical trials, 
taking into account aspects such as randomization and 
blinding (this is an example of methodological hetero-
geneity; Higgins et al., 2019; Richardson et al., 2019; 
Santos & Cunha, 2013; Tufanaru et al., 2017; Tufanaru 
et al., 2015).

Statistical models of meta-analysis and their impact 
on heterogeneity 
There are two types of statistical models used in a meta-
-analysis: the fixed-effects model and the random-effects 
model (DerSimonian & Laird, 1986; Moayyedi, 2004; 
Santos & Cunha, 2013; Tufanaru et al., 2015). Fixed- 
-effects models assume that the effect of interest is the 
same across all studies included in the meta-analysis and 
that the differences observed between them are only due to 
sampling error. In a simplified way, these models assume 
that any variability between studies is only due to chance 
and ignore their heterogeneity (Moayyedi, 2004; Santos 
& Cunha, 2013). On the other hand, contrary to fixed-

-effects models, random-effects models assume that the 
effect of interest is not the same in all studies, assuming 
some level of heterogeneity a priori. Even so, although 
the effects vary across studies, they usually follow a nor-
mal probability distribution (Moayyedi, 2004; Santos & 
Cunha, 2013). Due to these particularities, fixed-effects 
models generate individual study weights for the meta- 
-analysis that are more sensitive to sample size and inver-
sely proportional to the measure of variability estimated 
in the study, which is nullified by the assumption of no 
heterogeneity. On the other hand, random-effects models 
generate individual study weights that are more sensitive 
to smaller sample sizes, which ultimately increases the 
confidence intervals for the effect size in a meta-analysis 
(less precision; DerSimonian & Laird, 1986; Moayyedi, 
2004; Santos & Cunha, 2013).
Choosing these models is essential for the heterogenei-
ty analysis and the results of the meta-analysis because 
random-effects models should be used in the case of 
significant heterogeneity (DerSimonian & Laird, 1986; 
Santos & Cunha, 2013; Tufanaru et al., 2015). In contrast, 
fixed-effects models should only be used when there is 
no heterogeneity, that is, in the case of true homogeneity 
(Santos & Cunha, 2013; Tufanaru et al., 2015). Given 
the assumption that there is some degree of heterogeneity 
across studies, random-effects models should be used 
especially when there is a clear intention to generalize 
the results. Based on these decisions, the JBI proposed a 
decision flowchart (Tufanaru et al., 2015).

Methodological options to explore heterogeneity
As mentioned before, random-effects models should be 
preferred in the presence of significant heterogeneity 
(Tufanaru et al., 2015). Still, other options can be used 
to minimize the effects of heterogeneity on the meta-a-
nalytic value and the conclusions we can draw. The most 
commonly used methodological options are sensitivity 
analysis, subgroup meta-analysis, and meta-regression 
(Higgins et al., 2019; Santos & Cunha, 2013; Tufanaru 
et al., 2017). 
Sensitivity analyses seek to explore the impact of different 
decisions on the outcomes/meta-analysis. These types of 
analyses may explore the impact of using different me-
ta-analysis models or of excluding or including studies 
in meta-analyses based on sample size, methodological 
quality, or variance. If results remain consistent across 
different analyses, they can be considered robust. In oppo-
sition, different results across sensitivity analyses indicate 
that the results should be interpreted with caution and/
or targeted for corrective action (Higgins et al., 2019; 
Tufanaru et al., 2017). 
On the other hand, subgroup meta-analysis allows 
drawing valid conclusions from meta-analyses of hete-
rogeneous studies when they are subgrouped, and there 
is no heterogeneity in the subgroups (i.e., the results of 
the individual studies within each subgroup are similar; 
Richardson et al., 2019). Thus, the interpretation of the 
subgroup analysis can lead to informative conclusions 
about the results of the meta-analysis that would not 
otherwise be possible. In addition, the analyses, in some 
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cases, require presentation by groups due to the clinical 
sense. For example, it may be necessary to estimate the 
effectiveness of the treatment for specific subgroups of 
patients (characteristics: gender, age, among others) or 
even of the intervention (type, dose, frequency, intensity, 
route of administration, among others; Richardson et al., 
2019; Santos & Cunha, 2013).
There may be five scenarios in subgroup meta-analyses: 1) 
There is a statistically significant, quantitative subgroup 
effect; 2) There is a statistically significant, qualitative sub-
group effect, with substantial unexplained heterogeneity; 
3) There is no subgroup effect; 4) There is no subgroup 
effect, but there is unexplained heterogeneity; and 5) 
There is a statistically significant subgroup effect, with an 
uneven covariate distribution (Richardson et al., 2019). 
Finally, if studies are divided into subgroups, meta- 
-regression can help to explore the sources of hetero-
geneity. Meta-regression is an extension of subgroup 
analyses that allows investigating the effect of continuous 
or categorical characteristics and the effects of multiple 
factors. Meta-regressions are similar in essence to simple 
regressions, in which an outcome/dependent variable is 
predicted according to the values of one or more expla-
natory variables. In meta-regression, the outcome variable 
is the effect estimate (for example, a mean difference, a 
risk difference). Explanatory variables are characteristics 

of studies that can influence the size of the intervention 
effect and are often referred to as ‘potential effect modi-
fiers’ or covariates (Higgins et al., 2019).

Practical example
To illustrate the concepts above more objectively, we 
will use a fictitious example of a systematic review with 
meta-analysis that sought to assess the effectiveness of 
compression therapy and standard care (no compression) 
in the treatment of venous leg ulcers. Ten clinical trials 
were included in the review process, and all methodo-
logical assumptions of a systematic review were met. It 
should be noted that we used the same intervention and 
comparator across studies and the outcome of interest 
was ulcer healing. Under these conditions, the RevMan 
5.1.7 software was used to perform the meta-analyses for 
dichotomous variables using the classical Mantel-Haenszel 
statistical method. 
Given that we were unaware if there was homogeneity 
between the studies included in the meta-analysis, we 
recommend assuming that the effect between the included 
studies is the same until proven otherwise, that is, we used 
fixed-effects models for this purpose (Higgins et al., 2019; 
Santos & Cunha, 2013; Tufanaru et al., 2017). Figure 1 
illustrates the dichotomous fixed-effects meta-analysis for 
dummy data that revealed high heterogeneity (I2 = 77%).

Figure 1

Dichotomous fixed-effects meta-analysis for dummy data with high heterogeneity

In this case of high heterogeneity, we recommend ex-
ploring it. If it cannot be assumed that the studies are 

homogeneous, random-effects models should be used, 
as previously mentioned (Figure 2).   
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Figure 2

Dichotomous random-effects meta-analysis for dummy data with high heterogeneity

Although the levels of heterogeneity remain the same, the 
individual weights of each study have changed, and the 
total value of the meta-analysis has a greater confidence 
interval.
Then, some methodological options can be used to mi-
nimize the effects of heterogeneity, such as sensitivity 

analyses or subgroup meta-analyses. If choosing sen-
sitivity analyses, it is clear that two studies (D and I) 
are responsible for a marked increase in heterogeneity 
(I2 of 40 to 77%). If there is a justified criterion (e.g., 
low methodological quality), their removal will improve 
heterogeneity to a moderate level (Figure 3).

Figure 3

Dichotomous random-effects meta-analysis for dummy data with moderate heterogeneity after sensitivity 
analysis (removal of studies D and I)

Another methodological option is subgroup meta-analyses. 
In this case, although the intervention is compression thera-
py, there are different materials to administer it (elastic and 

non-elastic/inelastic bandages/compression). As previously 
mentioned, this aspect may translate into an important source 
of clinical heterogeneity, so it must be analyzed (Figure 4).
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Figure 4

Dichotomous random-effects meta-analysis for dummy data with qualitative subgroup effect and high 
unexplained heterogeneity

The subgroup meta-analysis revealed a statistically signifi-
cant subgroup effect (p = 0.04), even though heterogeneity 
remains high within each subgroup (I2 of 67 to 77%). 
In this case, the subgroup meta-analyses do not seem to 
justify the levels of heterogeneity. However, researchers 
may decide to keep them for clinical purposes.

Finally, to illustrate the quantitative subgroup effect and 
mild heterogeneity, Figure 5 shows another example of 
subgroup meta-analysis (which does not follow the pre-
vious one), in which there is a significant subgroup effect 
(p < 0.00001) that justified the levels of heterogeneity 
within each subgroup (I2 from 0 to 34%).

Figure 5

Dichotomous random-effects meta-analysis for dummy data with quantitative subgroup effect and mild 
heterogeneity

In this case, there was no high heterogeneity in the ine-
lastic compression subgroup (I2 = 0%), but there was 

mild heterogeneity in the elastic compression subgroup 
(I2 = 34%).
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Conclusion 

This article presents the concept of heterogeneity in me-
ta-analysis. It suggests several methodological options 
to explore it, namely sensitivity analysis, subgroup me-
ta-analysis, and meta-regression, although the latter is 
not discussed in detail.
Exploring the heterogeneity of a meta-analysis is an es-
sential step in a systematic review (meta-analysis) as it 
increases its homogeneity, improves its quality and the 
consistency of its results, and, consequently, strengthens 
its recommendations.
In conclusion, we can state that by exploring and ad-
dressing heterogeneity, researchers obtain information 
that is highly relevant to clinical practice, rather than 
restricting themselves almost blindly to the overall value 
of meta-analysis or the results of individual studies. The 
use of subgroup meta-analyses is particularly relevant 
because it improves specific practices for specific groups.
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