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Abstract

Meta-analysis synthesizes evidence from multiple randomized clinical trials and informs evidence-based practices
across various medical domains. Recently, causally interpretable meta-analysis has been proposed and applied to
treatment evaluations for target populations, requiring individual participant data (IPD). Standard meta-analysis
assumes transportability or exchangeability of a (conditional) relative effect (such as relative risk or odds ratio),
which may be violated when the relative effects are correlated with the baseline risks across clinical trials.
In addition, the weighted average of some study-specific effect measures such as the (log) odds ratios or the
(log) hazard ratios is non-collapsible and does not correspond to any target population. Furthermore, when the
randomization ratios between treated versus untreated arms vary across trials, confounding bias may occur. To
address these challenges, we propose a causal meta-analysis (CMA) framework using only aggregated data,
enabling causally interpretable and accurate estimation for different target populations. The CMA adjusts its
weights for treatment effect across various target populations, including the average treatment effect (ATE), the
ATE on the treated (ATT) population, the ATE on the control (ATC) population, and the ATE in the overlap (ATO)
population. Mathematically, we discover the connection between traditional meta-analysis estimators and CMAs.
For example, the Mantel–Haenszel weighted meta-analysis is equivalent to the CMA with ATO.

Highlights

What is already known?

• Traditional meta-analysis synthesizes data from multiple clinical trials to inform treatment evaluation but
assumes exchangeability or transportability of effect measures, which may be violated when baseline risks
vary across studies.

• Causally interpretable meta-analysis methods require to use individual patient data to conduct evidence
synthesis for target populations.
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What is new?

• The proposed causal meta-analysis (CMA) framework estimates treatment effects for target populations
using aggregated data, adjusting for confounding due to varied randomization ratios.

• The CMA framework connects traditional meta-analysis estimators with causal estimands like average
treatment effect (ATE), ATE on the treated (ATT) population, ATE on the control (ATC) population, and
ATE in the overlap (ATO) population, broadening interpretability and precision.

Potential impact for RSM readers outside the authors’ field:

• The CMA framework’s ability to estimate causally interpretable treatment effects across diverse populations
enhances the applicability of meta-analytic results across clinical and methodological disciplines.

• This approach provides a practical tool for researchers needing reliable causal estimates from aggregate data
across clinical trials.

1. Introduction

Meta-analysis is an essential methodology in medical research, offering a systematic approach for
combining and contrasting data from multiple clinical studies.1–3 This technique consolidates disparate
findings into a coherent understanding, recognized as a best practice at the pinnacle of the evidence
hierarchy.4 It has been extensively utilized in areas such as diagnostic accuracy, drug safety, health
economics, and genetic studies.4–14 This wide-ranging utilization underscores its critical role in
enhancing evidence-based practices and advancing patient care.

Despite the numerous advantages of meta-analysis and its extensive applications, how to best assign
weights to different studies in a meta-analysis remains a crucial question. In the common-effect meta-
analysis, a well-accepted recommendation is to use the inverse variance of each study, as it possesses
the statistical properties of unbiasedness and minimum variance.15 However, in instances where the
variance of the estimate from each study is unstable due to the small sample sizes, an alternative
approach involves weighting by the study sample size.16 This alternative method has been shown to
achieve a smaller mean-square error compared to the inverse variance weighting approach17 and to
provide better interpretation. Another viable approach is to use weights based on the geometric mean
of the number of subjects in the treated and control groups within each study, known as the Mantel–
Haenszel method.18,19 This method proves particularly applicable and beneficial when dealing with rare
event rates for studies, especially when some studies have zero or a small number of events.15

A discrepancy in treatment evaluation decisions has arisen within meta-analyses. The treatment
effect, inherently tied to causal inference on the target population, typically diverges from the tradi-
tional meta-analysis method. A recently developed meta-analysis approach aims to provide a causal
interpretation of the treatment effect, thereby enhancing decision-making in treatment evaluation for the
target population.20–23 Rott et al. compared traditional (fixed-effect and random-effect) meta-analysis
estimators with newly developed causally interpretable counterparts in empirical experiments and real-
world studies.24 This study found that traditional meta-analysis methods can perform comparably to
causally interpretable approaches, particularly in settings where covariates do not meaningfully modify
treatment effects.

The newly developed causally interpretable meta-analysis method requires access to individual
participant data (IPD), which is often impractical. In contrast, standard fixed-effect (or common-
effect) meta-analysis can synthesize aggregated data by weighting study-specific relative effects using
inverse variance weights. However, when non-collapsible effect measures such as odds ratios or
hazard ratios are used,25–28 the overall weighted relative effect does not correspond to the average
treatment effect (ATE) in any identifiable target population. Consequently, evaluations of any specific
treatment effects for a particular target population from this approach become problematic. Moreover,
this method assumes the transportability or exchangeability of conditional relative effects; for example,
study-specific relative risk or odds ratios are exchangeable. These assumptions may not hold when
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baseline event rates differ substantially across studies and relative effects are associated with baseline
event rates. According to a recent meta-epidemiologic study, approximately 28% of meta-analyses
demonstrate a significant association between the treatment effect and control group event rate.29

Furthermore, the sample size ratios between treated and untreated groups may vary across different
studies. It may introduce confounding bias, thereby complicating the estimation procedure and affecting
the overall accuracy of the results.

In this study, we aim to estimate the treatment effect on different target populations while addressing
the between-study confounding effect using only aggregated data. Specifically, we develop a causal
meta-analysis (CMA) estimand framework focusing on various populations: the overall population
in both the treatment and control groups, the treated group alone, the control group alone, and the
overlap population across studies. The overlap population includes patients with the most similar
characteristics between the comparison groups, aligning with the concept of clinical equipoise.30,31

These target populations are considered as different weighted populations across studies, with varying
weights designed to target different estimands. The estimands for these weighted populations fall into a
category of causal estimands known as weighted ATE (WATE).32 Several causal estimands are included
within WATE, including the ATE, the ATE on the treated (ATT) population, the ATE on the control
(ATC) population, and the ATE in the overlap (ATO) population.

To estimate the WATE and eliminate the between-study confounding effects, we propose a CMA
framework under the fixed-effect meta-analysis.33 We provide the estimators for each target estimand
derived from the CMA estimator. We theoretically establish equivalence between the CMA estimator
and the propensity score weighting estimator for WATE, assuming between-study heterogeneity and no
confounders within each study (due to randomization). Subsequent sections demonstrate connections
between the CMA estimator and traditional fixed-effect meta-analysis estimators, particularly when
the target estimand is ATE or ATO. To show the difference between the CMA estimators for different
estimands, we generated a synthesized dataset and conducted the CMA estimators. To the best of our
knowledge, our proposed method is the first to evaluate treatments for target populations using only
aggregated data while accounting for potential confounding bias. Additionally, this is the first study to
connect the traditional meta-analysis with target populations, marking a significant advancement in the
field.

2. Notation and methods

We consider  randomized trials to estimate treatment effects for target populations, assuming
treatments are time-fixed. Each estimand corresponds to a distinct target population, defined by specific
combinations of the populations enrolled in the included trials, rather than by a hypothetical or external
population. We denote the treatment indicator by �, which has two values, 0 if the treatment is not
given and 1 if the treatment is given. We denote two potential outcomes . (0) and . (1) corresponding
to the outcome if the treatment is given (� = 1) or the treatment is not given (� = 0). Furthermore,
we assume that there are in total = subjects within  trials. We denote the study indicator, representing
which study a subject belongs to, as - . For each subject, we observed the outcome denoted by .8 9 after
the randomization of the treatment within each study. The value of .8 9 can be 0 or 1, where 1 means the
subject has the event and 0 means the subject does not have the event. Let =0 9 and ?̂0 9 be the number
of subjects and estimated event rate for the 9 th study ( 9 = 1, . . . ,  ) in the treatment arm (� = 1) or
control arm (� = 0). Let = 9 =

∑2
0=1=0 9 be the study size for the Gth study ( 9 = 1, . . . ,  ). We made the

following assumptions to make the potential outcomes . (1), . (0) identifiable.

2.1. Assumptions

Assumption 1 (consistency of potential outcomes). For the 8th participant within the 9 th trial, given
the treatment assignment �8 9 = 0, the observed outcome satisfies .8 9 (0) = .8 9 , for 0 = 0, 1.

https://doi.org/10.1017/rsm.2025.10069 Published online by Cambridge University Press

https://doi.org/10.1017/rsm.2025.10069


Research Synthesis Methods 773

Figure 1. The directed acyclic graph (DAG) illustrating the assumed causal relationships between the

treatment (A), outcome (Y), and a study indicator (X). In this structure, X confounds the relationship

between A and Y, as it influences both variables.

This assumption implies that the observed outcome corresponds exactly to the potential outcome
under the treatment actually received. In the context of our framework, Assumption 1 further requires
that there is no direct effect of the study indicator - (i.e., study membership) on the potential outcomes,
conditional on treatment assignment. In other words, once treatment is assigned, the specific study from
which an individual originates does not modify the causal effect of the treatment on the outcome. This
assumption also rules out treatment variation irrelevance (i.e., no different versions of the treatment
within levels of �) and assumes no interference between units (stable unit treatment value assumption
[SUTVA]), such that one participant’s outcome is unaffected by the treatment assignment of other
participants.34

Assumption 2 (no unmeasured confounding variables). The potential outcomes are independent of
treatment assignment conditional on study membership: .8 9 (0), .8 9 (1) ⊥ �8 9 | -8 9 .

Assumption 2 implies that the study indicator -8 9 is the sole confounding variable relevant to the
treatment assignment in the pooled analysis. This assumption is reasonable in the context of meta-
analysis of randomized clinical trials. While randomization within each trial ensures that pretreatment
covariates are balanced between treatment arms, differences across studies (captured by -8 9 ) may
induce confounding in the pooled analysis when data from multiple studies are combined. Thus,
conditioning on study membership is essential to account for such between-study heterogeneity in the
pooled analysis.

As demonstrated in Figure 1, heterogeneity in study design can induce confounding in pooled
analyses of randomized trials. Specifically, when different studies employ varying randomization
ratios, the study indicator -8 9 may be associated with treatment assignment �8 9 (i.e., -8 9 → �8 9 ).
In addition, heterogeneity in baseline event rates across studies—for example, due to differences in
patient characteristics or clinical settings—may induce an association between -8 9 and the observed
outcome .8 9 (i.e., -8 9 → .8 9 ). Thus, -8 9 serves as a between-study confounder that must be accounted
for to obtain unbiased causal effect estimates. Importantly, within each individual study, randomization
ensures that no other unmeasured pretreatment confounders exist. Therefore, we posit that conditioning
on -8 9 is sufficient to control for all confounding between treatment assignment and outcome in
the combined analysis.34 When different studies have different randomization ratios, -8 9 , the study
indicator is associated with the treatment assignment. -8 9 may also be related to the observed outcome
.8 9 . This is because the prevalence of .8 9 might be associated with the heterogeneous baseline event
rates across studies. Thus, -8 9 serves as a between-study confounding variable. However, within each
study, all other pretreatment confounders are controlled because of the randomization procedure. Thus,
we can assume there is only a covariate -8 9 serves as a confounder for the potential outcomes.

Assumption 3 (treatment positivity). For each treatment (0 = 0, 1), the probability of receiving that
treatment, conditional on study membership, is strictly positive: % (� = 0 |-) > 0.

This assumption holds because, within each study, treatment assignment follows a randomization
scheme. Therefore, the probability of receiving either treatment is strictly positive and bounded away
from zero and one, thereby guaranteeing sufficient overlap in treatment assignment across studies.
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2.2. Proposed Causal Meta-Analysis Framework Under Assumptions

To adjust the confounder effect of -8 9 , propensity score weighting is a commonly used approach in the
causal inference literature.35,36 It creates a pseudo-weighted population where the covariate distribution
in the treated subjects is the same as the covariate distribution in the not-treated subjects. The causal
estimand gF for the weighted population is displayed as:

gF =

� (ℎ(-) (`1 (-) − `0 (-)))

� (ℎ(-))
,

where `1 (-) = � (. (1) |-) , `0 (-) = � (. (0) |-) , and ℎ(-) is the weighting function of the
propensity score 4(-) to shift the population from its original covariate distribution 5 (G). With different
forms of ℎ(-), the WATE can be equivalent to different target estimands, such as the ATE when
ℎ(-) = 1.

The individual estimated weight for the 8th subject within the 9 th study, denoted by <8 9 , is a function
of the estimated propensity score 4̂8 9 = %̂

(
�8 9 = 1|-8 9

)
from logistic regression. When the form of

ℎ(-) is a function of the propensity score, we have ℎ̂
(
-8 9

)
= ℎ

(
4̂8 9

)
. In the treatment arm, <8 9 is

equal to
ℎ̂(-8 9)
4̂8 9

. In the control arm, it is equal to
ℎ̂(-8 9)
1−4̂8 9

. With the weights <8 9 , the following estimator

estimates the WATE, that is,

ĝF =

∑ 
9=1

∑= 9

8=1�8 9.8 9<8 9∑ 
9=1

∑= 9

8=1�8 9<8 9
−

∑ 
9=1

∑= 9

8=1

(
1 − �8 9

)
.8 9<8 9

∑ 
9=1

∑= 9

8=1

(
1 − �8 9

)
<8 9

. (1)

Under the assumption for the between-study confounders and no within-study confounders, the
estimated propensity scores for all subjects within the 9 th study are the same because -8 9 is a study
indicator. Moreover, the estimate of the propensity score is thus reduced to the estimated randomization
ratio for the 9 th study. In other words, for the 8th subject,

4̂8 9 = _̂ 9 �
(
-8 9 = 9

)
9 = 1, .. ,  , (2)

where _̂ 9 =
=1 9

= 9
is the proportion of treatments in the 9 th study and � (·) is an indicator function. Thus,

ℎ̂
(
-8 9

)
= ℎ̂ 9 �

(
-8 9 = 9

)
with ℎ̂ 9 = ℎ

(
_̂ 9

)
when 9 = 1, . . . ,  . Based on the aggregated data by using

Equation (2) and the corresponding ℎ̂ 9 , we propose the fixed-effect CMA estimator:

ĝ�"� =

∑ 

9=1
F 9

(
?̂1 9 − ?̂0 9

)
, (3)

where F 9 =
(∑ 

9=1= 9 ℎ̂ 9

)−1
= 9 ℎ̂ 9 . In Supplementary Materials, we show how the CMA estimator shown

in Equation (3) can be obtained from Equation (1) by only using the aggregated dataℎ̂ 9 .
The variance of the ĝ�"� can be calculated by finding the influence function of gF . The variance

estimator can thus be obtained by
(
=2 \̂2

)−1∑ 
9=1+̂ 9 , where \̂ = �̂ (ℎ(-)), and the empirical of mean

for ℎ(-) and + 9 can be calculated by the aggregated data shown in Supplementary Materials.
With the different forms of F 9 , the CMA is designed to target different causal estimands tailored

to specific populations. In the following subsections, we define the target population for each target
estimand—ATE, ATT, ATC, and ATO. Subsequently, we present the corresponding forms of F 9 for
CMA in the context of ATE, ATT, ATC, and ATO. In addition, we establish the relationship between
CMA and traditional meta-analysis. Finally, we present the connections between ATE, ATT, ATC, and
ATO.
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2.3. ATE, inverse probability weighting, and weighting by study size

The ATE is � (. (1) − . (0)), which is equal to WATE if ℎ(-) = 1. The target population of ATE is
interpreted as the patients from both the treated and control groups across all studies. Under such case,
<8 9 in the control arm is 1

1−4̂8 9
and <8 9 in the treatment arm is 1

4̂8 9
, also known as the inverse probability

weighting. With Equation (3) under the constant of the function, ℎ = 1, the proposed CMA estimator
will be in the following formula:

∑ 

9=1

?̂1 9= 9

=
−
∑ 

9=1

?̂0 9= 9

=
. (4)

It has the causal interpretation, that is, the estimated pooled event rate for the treatment arm versus
the control arm, whereas the subjects counterfactually from both comparison groups are given the
treatment or control. Interestingly, we find that it is equivalent to the traditional meta-analysis estimator
weighted by the study-specific sample sizes, F�) �9 =

= 9
=

. The derived closed-form variance for CMA-
targeted ATE is

+ �) � = =−2
∑ 

9=1
=1 9 ?̂1 9

[
4−1
9 (1 − ĝ1) +

(
1 − 4 9

)
" 9

]2
+ =1 9

(
1 − ?̂1 9

) [
4−1
9 ĝ1 +

(
1 − 4 9

)
" 9

]2

+ =0 9 ?̂0 9

[ (
1 − 4 9

)−1
(1 − ĝ0) + 4 9" 9

]2
+ =0 9

(
1 − ?̂0 9

) [ (
1 − 4 9

)−1
ĝ0 − 4 9" 9

]2
,

where " 9 = −4−1
9

(
?̂1 9 − ĝ1

)
−
(
1 − 4 9

)−1 (
?̂0 9 − ĝ0

)
, ĝ1 =

∑ 
9=1

?̂1 9= 9
=

, and ĝ0 =

∑ 
9=1

?̂0 9= 9
=

.

2.4. ATT and ATC

If our target estimand is ATT, that is, gF = � (. (1) − . (0) |� = 1) with ℎ(-) = 4(-). The target
population for ATT is the patients from the treated groups across all studies. Under such case, when
substituting ℎ(-) = 4(-) into Equation (3), the formula of the CMA estimator will be as follows:

∑ 

9=1

=1 9

=)

(
?̂1 9 − ?̂0 9

)
, (5)

where =) =

∑ 
9=1=1 9 denotes the number of subjects in the treated groups across studies. The weights

are F�))9 =

=1 9

=)
. The variance of CMA for ATT is

+ �)) = =−2
)

∑ 

9=1
=1 9 ?̂1 9

[
(1 − ĝ1) +

(
1 − 4 9

)
" 9

]2
+ =1 9

(
1 − ?̂1 9

) [
−ĝ1 +

(
1 − 4 9

)
" 9

]2

+ =0 9 ?̂0 9

[ (
1 − 4 9

)−1
(1 − ĝ0) 4 9 + 4 9" 9

]2
+ =0 9

(
1 − ?̂0 9

) [ (
1 − 4 9

)−1
ĝ04 9 − 4 9" 9

]2
,

where the " 9 = −
(
1 − 4 9

)−1 (
?̂0 9 − ĝ0

)
, ĝ1 =

∑ 
9=1

=1 9

=)
?̂1 9 , and ĝ0 =

∑ 
9=1

=1 9

=)
?̂0 9 .

Similarly, if our target estimand is ATC, that is, gF = � (. (1) − . (0) |� = 0) with ℎ(-) = 1− 4(-).
The target population of ATC is the patients from the control groups across all studies. Under such case,
the proposed CMA estimator is

∑ 

9=1

=0 9

=�

(
?̂1 9 − ?̂0 9

)
, (6)

where =� =

∑ 
9=1=0 9 denotes the number of subjects in the control across studies. The weights are

F�)�
9

=

=0 9

=�
. The variance of CMA for ATC is
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+ �)� = =−2
�

∑ 

9=1
=1 9 ?̂1 9

[
4−1
9 (1 − ĝ1)

(
1 − 4 9

)
+
(
1 − 4 9

)
" 9

]2

+ =1 9
(
1 − ?̂1 9

) [
−4−1

9 ĝ1
(
1 − 4 9

)
+
(
1 − 4 9

)
" 9

]2
+ =0 9 ?̂0 9

[
− (1 − ĝ0) − 4 9" 9

]2

+ =0 9
(
1 − ?̂0 9

) [
ĝ0 − 4 9" 9

]2
,

where the " 9 = −4−1
9

(
?̂1 9 − ĝ1

)
, ĝ1 =

∑ 
9=1

=0 9

=�
?̂1 9 , and ĝ0 =

∑ 
9=1

=0 9

=�
?̂0 9 .

2.5. ATO, overlap weighting, and Mantel–Haenszel estimators

For the overlap weighting, the function for the targeted overlap population is ℎ(-) = 4(-) (1 − 4(-)).
Thus, we used the <8 9 = 1 − 4̂8 9 if the 8th subject is in the treated arm and <8 9 = 4̂8 9 for the 8th
subject in the control arm. The target population of ATO is the population of patients who exhibit
the greatest clinical equipoise or highest uncertainty regarding both comparison groups. By using the
overlap weights correspondingly, the proposed CMA estimator is reduced to

(∑ 

9=1

=0 9=1 9

=0 9 + =1 9

)−1∑ 

9=1

=0 9=1 9

=0 9 + =1 9

(
?̂1 9 − ?̂0 9

)
. (7)

From Equation (5), it can be seen as the weighted average estimator with the weight being the
Mantel–Haenszel weights. Thus, the target estimand of the Mantel–Haenszel estimators is the ATO.

The weights are F�)$
9

=

(∑ 
9=1

=0 9=1 9

=0 9+=1 9

)−1 =0 9=1 9

=0 9+=1 9
. The variance of CMA under ATO is

+ �)$ =

(∑ 

9=1

=0 9=1 9

=0 9 + =1 9

)−2∑ 

9=1
=1 9 ?̂1 9

(
1 − 4 9

)2 [
(1 − ĝ1) + " 9

]2

+ =1 9
(
1 − ?̂1 9

) (
1 − 4 9

)2 [
−ĝ1 + " 9

]2
+ =0 9 ?̂0 94

2
9

[
(1 − ĝ0) + " 9

]2

+ =0 9
(
1 − ?̂0 9

)
42
9

[
ĝ0 − " 9

]2
,

where " 9 = −4 9
(
?̂1 9 − ĝ1

)
−

(
1 − 4 9

) (
?̂0 9 − ĝ0

)
, ĝ1 =

(∑ 
9=1

=0 9=1 9

=0 9+=1 9

)−1∑ 
9=1

=0 9=1 9

=0 9+=1 9
?̂1 9 , and ĝ0 =

(∑ 
9=1

=0 9=1 9

=0 9+=1 9

)−1∑ 
9=1

=0 9=1 9

=0 9+=1 9
?̂0 9 . The target population size can be different for different target esti-

mands when the randomized ratios are different across studies, and an example of target estimands and
population sizes is illustrated in Supplementary Appendix S1.

2.6. Connection between ATE, ATT, ATC, and ATO

When the allocation ratios across all studies are consistent, such that for the 9 th study ( 9 = 1, . . . ,  ),
the ratio

=0 9

=1 9
= 2, where 2 is a constant, we find ourselves in an ideal scenario where treatment � and

study indicator - are uncorrelated. In this case, the weights derived from CMA for ATE, ATT, ATC, and
ATO are shown in Equations (4) to (7) and are identical. As detailed in the Supplementary Material,
the weights from CMA are uniformly

= 9∑ 
9=1 = 9

. Consequently, the estimates for ATE, ATT, ATC, and

ATO are identical when the randomization ratios across studies are identical. It is worth noting that the
sample size of the different target populations is not assumed to be the same under such a scenario.

3. Results

To validate our proposed CMA estimators, we conducted an analysis on the real-world data using target
estimand ATE, ATT, ATC, and ATO. The motivating study by Chou et al.37 investigated the association
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Table 1. Aggregated data from five studies for the intervention of statin versus placebo control, such

as the number of subjects within the treated or control arm and the events for each arm. In addition,

we showed the specified weights from CMA for the target estimands ATE, ATT, ATC, and ATO in the

last four columns.

Event Event
Number Number number number

of of within within
subjects in subjects in each study each study

the the in the in the Weights Weights Weights Weights
treatment control treatment control for for for for

Study arm arm arm (%) arm (%) ATE ATT ATC ATO

ACPCS38 460 459 1 8 0.30 0.23 0.40 0.34
Beishuizen39 103 79 3 4 0.06 0.05 0.07 0.07
Bone40 485 119 0 0 0.19 0.25 0.10 0.14
KAPS41 214 212 3 4 0.14 0.11 0.18 0.16
METEOR42 700 281 1 0 0.32 0.36 0.24 0.30

between statin use and all-cause mortality. Across the five included trials, the mean age of participants
ranged from 57 to 62 years. Treatment was defined as statin therapy, and the control arm consisted of
placebo recipients. The primary outcome was all-cause mortality occurring within the follow-up period,
which varied between 1 and 3 years across studies.

The aggregated data are presented in Table 1, where we report the number of subjects in both the
treated and control arms, along with the events for each group. Additionally, we conducted the CMA
for the target estimands—ATT, ATE, ATC, and ATO—and displayed the corresponding study weights
based on each estimand.

Figure 2 shows the results for the CMA estimators with the target estimands of ATE, ATT, ATC,
and ATO. From Figure 2, we found that using the CMA estimator can vary depending on the choice
of the target estimands. For example, suppose the target estimand is ATT, but we instead use the CMA
estimator for the ATC. The ATC estimate is statistically significant (risk difference [RD]: –0.008;
95% confidence interval [CI]: –0.012 to –0.003), whereas the CMA estimator for the ATT yields a
nonsignificant result (RD: –0.005; 95% CI: –0.010 to 0.001). This difference in inference indicates that
conclusions can change meaningfully depending on the target population. Therefore, we recommend
prespecifying the target population before conducting the treatment evaluation.

4. Discussion

In this study, we introduce the CMA estimator, specifically designed for the WATE, which utilizes
aggregated data to effectively address between-study confounding effects arising from heterogeneous
sample size ratios. Estimators corresponding to ATE, ATT, ATC, and ATO are provided. Additionally,
we establish the relationship between the CMA for various causal estimands and traditional fixed-effect
meta-analysis estimators such as those weighted by sample size and Mantel–Haenszel weights. Through
a concrete meta-analysis example in real-world data, we illustrate the distinctions between these target
estimands and their corresponding estimators.

One of the advantages of the CMA framework is its ability to rely solely on aggregated data rather
than IPD. Given that access to IPD is often restricted due to privacy concerns or logistical limitations
for access to the clinical trials, our method provides a practical alternative for researchers who need
causal estimates based on available summary-level statistics for clinical trials.

Additionally, the CMA framework addresses between-study confounding effects. Unequal random-
ization ratios between treated and untreated groups across studies can lead to biased estimates if
not properly adjusted. By applying propensity score weighting to create pseudo-populations where
confounders are balanced, the CMA framework effectively mitigates these biases. This approach not
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Figure 2. Results for the CMA estimator. We show the estimate with the 95% confidence interval (CI)

for the target estimand of ATE, ATT, ATC, and ATO in the risk difference (RD) scale with the CMA

estimator.

only aligns with causal inference methods but also enhances the generalizability of the results to
different target populations.

We demonstrated that under unequal randomization ratios, the proposed CMA framework is
equivalent to traditional meta-analysis methods. For example, in the case of ATO, the CMA weights
are identical to the Mantel–Haenszel weights, and for ATE, the CMA weights correspond to the
study-specific sample size weights used in traditional meta-analyses. This equivalence highlights how
traditional meta-analysis can provide a clear causal interpretation of treatment effects under unequal
randomized ratios, effectively bridging the gap between conventional meta-analytic techniques and
causal inference methodologies.

Unlike previous work on causally interpretable meta-analysis using IPD,20–23 which often defines
the target populations through the distribution of effect modifiers or external covariates, our approach
defines the target population as the combined population of the included studies. This design-based
perspective is consistent with Higgins et al.43 and Rice et al.44 and avoids assumptions that studies are
sampled from a broader super-population. By grounding inference in the actual populations studied, this
approach facilitates a more clinically meaningful interpretation of the ATE and other related estimands
in the presence of heterogeneous treatment effects.

Our study has some limitations. It is important to note that our focus is currently on the fixed-
effect meta-analysis setting. If the treatment effects across studies are heterogeneous and are assumed
to follow a specific distribution, such as a normal distribution (which is often unjustified),45 we plan to
address this issue by developing a new causal framework for random-effect meta-analysis estimators.
Details of this framework will be reported in future work.

A common concern when synthesizing evidence from heterogeneous trials is the potential violation
of the consistency assumption due to variation in treatment versions. In our real-world application, we
used the set of trials reported by Chou et al.,37 where the treatment group was consistently defined as
statin use and the control group as placebo. Therefore, we consider the consistency assumption to be
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reasonably satisfied in this context. In future work, we plan to investigate causal meta-analytic methods
that explicitly account for variation in treatment versions in settings where consistency may not be
applicable.

While a key contribution of this work is that the proposed methods require only aggregate data, it is
important to acknowledge the inherent limitations relative to methods based on IPD.20–23 In particular,
IPD-based approaches allow for more flexible modeling of between-study heterogeneity and enable
the definition of target populations based on the distribution of arbitrary effect modifiers, which is not
directly feasible using only aggregate data.

Our framework addresses between-study confounding related to design features such as the baseline
risks. However, it does not fully adjust for covariates that differ across studies and modify treatment
effects. An extension using meta-regression with aggregate covariates could potentially address such
heterogeneity.

We assume that, within each study, confounding variables are absent due to the randomization
procedure. While this assumption is reasonable for randomized controlled trials (RCTs), it may not
hold in observational studies or real-world data, where additional confounders may exist. In such cases,
the causal interpretation of the CMA and its target populations may be compromised. Further research
on causally interpretable meta-analysis for observational studies, using only aggregated data, will be
valuable. In addition, while our framework is presented for binary outcomes, the core ideas readily
extend to continuous outcomes, and future work may explore more complex outcome types, such as
time-to-event data, with appropriate methodological adaptations.

In many real-world scenarios, IPD may be available for only a subset of relevant trials, while
others are accessible only through published aggregate results. Our current framework is designed
to work with aggregated data (AD) alone, ensuring broad applicability even when IPD is not
accessible. However, when IPD is available for some studies, it presents an opportunity to enhance
estimation through covariate adjustment and richer modeling of effect heterogeneity. Recent work46

has proposed hybrid approaches that borrow information from IPD to augment the estimates from
AD in a unified meta-analytic framework. Extending our approach to such partially observed IPD
settings is a promising direction for future research, potentially improving both efficiency and causal
interpretability.

Author contributions. DZ conceptualized the study, curated the data, involved in formal analysis, investigated the data, designed
the methodology, visualized the data, and wrote the original draft; BZ conceptualized the study, curated the data, involved in
formal analysis, visualized the data, and wrote, reviewed, and edited the manuscript; LL investigated the data, designed the
methodology, and wrote, reviewed, and edited the manuscript; HC conceptualized the study, investigated the data, designed the
methodology, supervised the data, and wrote, reviewed, and edited the manuscript; and YC conceptualized the study, acquired
funding, investigated the data, designed the methodology, administered the project, supervised the data, and wrote, reviewed, and
edited the manuscript.

Data availability statement. Data are provided in Table 1.

Competing interest statement. Dr. Chu is employed by Pfizer.

Funding statement. This work was supported in part by National Institutes of Health (U01TR003709, U24MH136069,
U24AG098157, RF1AG077820, R01AG073435, R01LM013519, R01LM014344, R01DK128237, R21AI167418,
R21EY034179).

Supplementary material. To view supplementary material for this article, please visit http://doi.org/10.1017/rsm.2025.10069.

References

[1] L’ABBÉ KA, Detsky AS, O’rourke K. Meta-analysis in clinical research. Ann Intern Med. 1987;107: 224–233.
[2] DerSimonian R, Laird N. Meta-analysis in clinical trials. Control Clin Trials. 1986;7: 177–188.
[3] Whitehead A. Meta-Analysis of Controlled Clinical Trials. John Wiley & Sons; 2002.
[4] Gopalakrishnan S, Ganeshkumar P. Systematic reviews and meta-analysis: understanding the best evidence in primary

healthcare. J Family Med Prim Care. 2013;2: 9–14.

https://doi.org/10.1017/rsm.2025.10069 Published online by Cambridge University Press

http://doi.org/10.1017/rsm.2025.10069
https://doi.org/10.1017/rsm.2025.10069


780 Zhang et al.

[5] Marconi L, Dabestani S, Lam TB, et al. Systematic review and meta-analysis of diagnostic accuracy of percutaneous renal
tumour biopsy. Eur Urol. 2016;69: 660–673.

[6] Hernaez R, Lazo M, Bonekamp S, et al. Diagnostic accuracy and reliability of ultrasonography for the detection of fatty
liver: a meta-analysis. Hepatology. 2011;54: 1082–1090.

[7] Littell JH, Corcoran J, Pillai V. Systematic Reviews and Meta-Analysis. Oxford University Press; 2008.
[8] Eysenck HJ. Systematic reviews: meta-analysis and its problems. BMJ. 1994;309: 789–792.
[9] Kirtane AJ, Gupta A, Iyengar S, et al. Safety and efficacy of drug-eluting and bare metal stents: comprehensive meta-

analysis of randomized trials and observational studies. Circulation. 2009;119: 3198–3206.
[10] Buscemi N, Vandermeer B, Friesen C, et al. The efficacy and safety of drug treatments for chronic insomnia in adults: a

meta-analysis of RCTs. J Gen Intern Med. 2007;22: 1335–1350.
[11] Trelle S, Reichenbach S, Wandel S, et al. Cardiovascular safety of non-steroidal anti-inflammatory drugs: network meta-

analysis. BMJ. 2011; 342.
[12] Jansen L, van Schijndel M, van Waarde J, van Busschbach J. Health-economic outcomes in hospital patients with medical-

psychiatric comorbidity: a systematic review and meta-analysis. PLoS One. 2018;13: e0194029.
[13] Casas JP, Hingorani AD, Bautista LE, Sharma P. Meta-analysis of genetic studies in ischemic stroke: thirty-two genes

involving approximately 18 000 cases and 58 000 controls. Arch Neurol. 2004;61: 1652–1661.
[14] Munafo MR, Flint J. Meta-analysis of genetic association studies. Trends Genet. 2004;20: 439–444.
[15] Schwarzer G, Carpenter JR, Rücker G. Meta-Analysis with R. Springer; 2015.
[16] Sánchez-Meca J, Marin-Martinez F. Weighting by inverse variance or by sample size in meta-analysis: a simulation study.

Educ Psychol Meas. 1998;58: 211–220.
[17] Marín-Martínez F, Sánchez-Meca J. Weighting by inverse variance or by sample size in random-effects meta-analysis. Educ

Psychol Meas. 2010;70: 56–73.
[18] Greenland S, Robins JM. Estimation of a common effect parameter from sparse follow-up data. Biometrics. 1985; 55–68.
[19] Mantel N, Haenszel W. Statistical aspects of the analysis of data from retrospective studies of disease. J Natl Cancer Inst.

1959;22: 719–748.
[20] Dahabreh IJ, Petito LC, Robertson SE, Hernán MA, Steingrimsson JA. Toward causally interpretable meta-analysis:

transporting inferences from multiple randomized trials to a new target population. Epidemiology. 2020;31: 334–344.
[21] Barker DH, Dahabreh IJ, Steingrimsson JA, et al. Causally interpretable meta-analysis: application in adolescent HIV

prevention. Prev Sci. 2022; 1–12.
[22] Steingrimsson JA, Barker DH, Bie R, Dahabreh IJ. Systematically missing data in causally interpretable meta-analysis.

Biostatistics. 2024;25: 289–305.
[23] Dahabreh IJ, Robertson SE, Petito LC, Hernán MA, Steingrimsson JA. Efficient and robust methods for causally

interpretable meta-analysis: transporting inferences from multiple randomized trials to a target population. Biometrics.
2023;79: 1057–1072.

[24] Rott KW, Bronfort G, Chu H, et al. Causally interpretable meta-analysis: clearly defined causal effects and two case studies.
Res Synth Methods. 2024;15: 61–72.

[25] Whitcomb BW, Naimi AI. Defining, quantifying, and interpreting “noncollapsibility” in epidemiologic studies of measures
of “effect”. Am J Epidemiol. 2021;190: 697.

[26] Greenland S. Interpretation and choice of effect measures in epidemiologic analyses. Am J Epidemiol. 1987;125: 761–768.
[27] Greenland S, Pearl J, Robins JM. Confounding and collapsibility in causal inference. Stat Sci. 1999;14: 29–46.
[28] Greenland S, Morgenstern H. Confounding in health research. Annu Rev Public Health. 2001;22: 189–212.
[29] Murad MH, Chu H, Wang Z, Lin L. Hierarchical models that address measurement error are needed to evaluate the

correlation between treatment effect and control group event rate. J Clin Epidemiol. 2024;170: 111327.
[30] Li F, Thomas LE, Li F. Addressing extreme propensity scores via the overlap weights. Am J Epidemiol. 2019;188: 250–257.
[31] Li F, Morgan KL, Zaslavsky AM. Balancing covariates via propensity score weighting. J Am Stat Assoc. 2018;113: 390–

400.
[32] Hirano K, Imbens GW, Ridder G. Efficient estimation of average treatment effects using the estimated propensity score.

Econometrica. 2003;71: 1161–1189.
[33] Rice K, Higgins JPT, Lumley T. A re-evaluation of fixed effect (s) meta-analysis. J R Stat Soc Ser A Stat Soc. 2018;181:

205–227.
[34] Rubin DB. Estimating causal effects of treatments in randomized and nonrandomized studies. J Educ Psychol. 1974;66:

688.
[35] Rosenbaum PR, Rubin DB. The central role of the propensity score in observational studies for causal effects. Biometrika.

1983;70: 41–55.
[36] Austin PC. An introduction to propensity score methods for reducing the effects of confounding in observational studies.

Multivariate Behav Res. 2011;46: 399–424.
[37] Chou R, Cantor A, Dana T, et al. Statin use for the primary prevention of cardiovascular disease in adults: updated evidence

report and systematic review for the US Preventive Services Task Force. JAMA. 2022;328: 754–771.
[38] Furberg CD, Adams HP, Applegate WB, et al. Effect of lovastatin on early carotid atherosclerosis and cardiovascular events.

Circulation. 1994;90: 1679–1687.

https://doi.org/10.1017/rsm.2025.10069 Published online by Cambridge University Press

https://doi.org/10.1017/rsm.2025.10069


Research Synthesis Methods 781

[39] Beishuizen ED, Van De Ree MA, Jukema JW, et al. Two-year statin therapy does not alter the progression of intima-media
thickness in patients with type 2 diabetes without manifest cardiovascular disease. Diabetes Care. 2004;27: 2887–2892.

[40] Bone HG, Kiel DP, Lindsay RS, et al. Effects of atorvastatin on bone in postmenopausal women with dyslipidemia: a
double-blind, placebo-controlled, dose-ranging trial. J Clin Endocrinol Metab. 2007;92: 4671–4677.

[41] Salonen R, Nyyssönen K, Porkkala E, et al. Kuopio atherosclerosis prevention study (KAPS) a population-based primary
preventive trial of the effect of LDL lowering on atherosclerotic progression in carotid and femoral arteries. Circulation.
1995;92: 1758–1764.

[42] Crouse JR, Raichlen JS, Riley WA, et al. Effect of rosuvastatin on progression of carotid intima-media thickness in low-risk
individuals with subclinical atherosclerosis: the METEOR trial. JAMA. 2007;297: 1344–1353.

[43] Higgins JPT, Thompson SG, Spiegelhalter DJ. A re-evaluation of random-effects meta-analysis. J R Stat Soc Ser A Stat

Soc. 2009;172: 137–159.
[44] Rice K, Higgins JPT, Lumley T. A re-evaluation of fixed effect (s) meta-analysis. J R Stat Soc Ser A Stat Soc. 2018;181:

205–227.
[45] Jackson D, White IR. When should meta-analysis avoid making hidden normality assumptions? Biom J. 2018;60: 1040–

1058.
[46] Rott KW, Clark JM, Murad MH, Hodges JS, Huling JD. Causally interpretable meta-analysis combining aggregate and

individual participant data. Am J Epidemiol. 2024;194: kwae371.

Cite this article: Zhang D, Zhang B, Li L, Chu H, Chen Y. A causal meta-analysis framework for clinical trials with unequal
randomization ratios. Research Synthesis Methods. 2026;17: 770–781. https://doi.org/10.1017/rsm.2025.10069

https://doi.org/10.1017/rsm.2025.10069 Published online by Cambridge University Press

https://doi.org/10.1017/rsm.2025.10069
https://doi.org/10.1017/rsm.2025.10069

	1 Introduction
	2 Notation and methods
	2.1 Assumptions
	2.2 Proposed Causal Meta-Analysis Framework Under Assumptions
	2.3 ATE, inverse probability weighting, and weighting by study size
	2.4 ATT and ATC
	2.5 ATO, overlap weighting, and Mantel–Haenszel estimators
	2.6 Connection between ATE, ATT, ATC, and ATO

	3 Results
	4 Discussion
	References

