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Meta-analysis has traditionally occupied the highest position in evi-
dence-based medicine because it combines data from multiple studies
and appears to provide the most precise summary of treatment effects.
Yet precision alone does not guarantee causal relevance. Conventional
meta-analysis often synthesizes results across studies that differ in pop-
ulations, interventions, outcome definitions, adherence patterns, and fol-
low-up structures, while weighting studies primarily by statistical preci-
sion rather than relevance to a real-world target population. As a result,
pooled estimates may be internally consistent yet poorly aligned with the
causal questions.

Causally interpreted meta-analysis (CIMA) offers a more rigorous alter-
native. Anchored in the potential outcomes framework, it shifts evidence
synthesis from associational averaging toward estimation of treatment
effects in explicitly defined target populations. This approach reframes
heterogeneity as effect modification, incorporates transportability and
target trial emulation, and supports robust estimation through methods
such as the g-formula, inverse probability weighting, augmented inverse
probability weighting, and targeted maximum likelihood estimation.
It also provides a principled basis for integrating randomized trials, re-
al-world data, and causal machine learning.

This viewpoint argues that CIMA should be regarded as a higher form
of evidence synthesis than conventional meta-analysis because it prior-
itizes causal interpretability, external validity, and decision relevance. As
medicine moves toward precision care, real-world evidence, and auto-
mated analytics, evidence hierarchies must evolve accordingly. The future
value of meta-analysis will depend not merely on how efficiently it pools
evidence, but on how credibly it informs action in the populations where
decisions are made.
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Evidence-based medicine has long treated conventional
meta-analysis as a pinnacle of evidentiary strength be-
cause it pools results across studies and improves statisti-
cal precision.”” In practice, however, the central objective
of clinical evidence is not simply to generate a narrower
confidence interval, but to support valid decisions about
what will happen if an intervention is used in a particular
population. That is fundamentally a causal question.'” The
longstanding elevation of traditional meta-analysis there-
fore deserves reconsideration. A pooled estimate derived
from multiple studies may be statistically elegant, yet still

fail to answer the question that matters most: what is the
likely causal effect of an intervention in the target popula-
tion to whom the evidence will be applied?'*>

The problem is not that conventional meta-analy-
sis lacks technical sophistication. Rather, its dominant
framework is primarily associational. It summarizes ob-
served study-level effects, usually by inverse-variance
weighting, and often treats between-study heterogeneity
as a statistical nuisance to be measured, adjusted for, or
down-weighted.'”* This approach is useful for describing
the evidence base, but it does not automatically produce
a causally interpretable estimate. Trials differ in eligibility
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criteria, co-interventions, adherence, treatment versions,
follow-up duration, and outcome ascertainment.“® Even
randomized trials are not immune to post-randomization
complications, including protocol deviations, informative
loss to follow-up, and selective reporting.”> Once obser-
vational studies are included, the threats multiply further
through confounding, selection mechanisms, and mea-
surement error.*’

These concerns are not merely academic. Clinicians
and policymakers rarely want an abstract average effect
across a blended collection of study populations. They
want to know whether a treatment will benefit patients
in a clearly defined real-world context: older adults, multi-
morbid patients, underrepresented ethnic groups, registry
populations, or patients managed in resource-constrained
systems.">® Traditional meta-analysis often gives dispropor-
tionate influence to larger studies with smaller standard
errors, even when those studies are less representative of
the population of actual interest.'“ Precision, in this setting,
may come at the expense of relevance.

Causally interpreted meta-analysis addresses this gap
by reframing evidence synthesis within the potential out-
comes tradition.'*” Instead of asking only how results may
be aggregated, it asks under what assumptions those re-
sults can be transported to a specified target population
and interpreted causally."” This is a substantial conceptual
advance. It requires investigators to define the estimand
explicitly, specify the target population, identify the rele-
vant effect modifiers, and evaluate whether the conditions
for valid transportability are plausible.*>® In this framework,
heterogeneity is no longer just unwanted variance; it be-
comes a source of information about effect modification
and population differences'**

This framework becomes even more important when
considering the choice of estimators. In CIMA, the average
treatment effect in the target population is not obtained
by simple precision-weighted averaging alone, but by com-
bining trial evidence with models that account for differ-
ences between trial and target populations.'>® Such meth-
ods include the g-formula, inverse probability weighting,
augmented inverse probability weighting, and targeted
maximum likelihood estimation.'>® These methods differ
in assumptions and robustness, but they share a common
strength: they explicitly attempt to estimate a causal effect
for the population that matters, rather than an abstract
pooled association.

Directed acyclic graphs (DAGs) serve as an indispens-
able tool for making these assumptions visible and analyt-
ically tractable within CIMA. A DAG encodes the investiga-
tor's substantive knowledge of the causal structure as a set
of nodes representing variables and directed edges repre-
senting hypothesised causal relationships.*” By formalising
the roles of confounders, mediators, colliders, and other
covariates, a DAG allows researchers to identify which vari-
ables must be adjusted for and which open or close specif-
ic causal pathways. DAGs therefore function not merely as
illustrative aids but as formal reasoning tools that underpin
the credibility of causal effect estimates across synthesised
evidence.

The practical deployability of these methods is sup-
ported by dedicated software. Wang et al. developed the
CausalMetaR package for R, which implements doubly ro-
bust and non-parametric efficient estimators to estimate
average and subgroup treatment effects in both internal
and external target populations using multi-source data."

Table 1: Comparative framework: traditional versus causally

interpreted meta-analysis

precision

Fundamental To calculate a pooled To estimate the
goal estimate from multiple causal effect of an
studies and improve interventionin a
statistical power pre-specified target
population
Weighting Inverse-variance weight- | Causal weighting,
mechanism ing, prioritizing statistical | prioritizing similarity

and relevance to the
target population

Target popu-
lation

Often implicit, ill-defined,

or an artificial amalgam
of trial participants

Explicitly defined
clinical, registry, or
real-world population

Handling of
heterogeneity

Quantified statistically
(e.g., tau? 1?)

Reframed as effect
modification and
used to transport
inference

Measurement
scale

Frequently assumes
pooled relative mea-
sures are meaningful
summaries

Explicitly addresses
non-collapsibility and
scale-specific causal
interpretation

Inference type

Mainly associational or
internal to the body of
studies

Counterfactual,
transportable, and
decision-oriented

Key identifi-

tions

ability assump-

Largely implicit; design
hierarchy assumed to
guarantee internal validi-
ty; exchangeability across
studies rarely stated

Explicit: conditional
exchangeability,
positivity, consistency,
non-interference,
and transportability
conditions stated and
assessed

The package addresses a recognised barrier to adop-
tion: the difficulty of correctly implementing nuisance
function estimation, sample splitting, and cross-fitting
when using flexible machine learning methods. The au-
thors highlight that conventional meta-analytic methods
pool data across sources using precision-based weights,
and that the resulting pooled estimate generally does not
have a clear causal interpretation because it does not per-
tain to a well-defined target population.” CausalMetaR
operationalises the alternative: by explicitly specifying the
target population and using transportability-aware esti-
mators, it enables analysts to generate estimates that are
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anchored to a real population of interest rather than an
abstract amalgam of study participants. The availability of
this open-source tool signals that CIMA has crossed from
methodological theory into usable analytical practice.

Another major contribution of CIMA is the incorpora-
tion of target trial emulation into evidence synthesis.'® Ev-
ery synthesis should begin with a clear specification of the
hypothetical pragmatic trial that would ideally answer the
question of interest. This includes eligibility criteria, treat-
ment strategies, assignment mechanism, time zero, out-
comes, causal contrast, and handling of censoring.">” Once
that protocol is defined, trials and other data sources can
be judged not merely by availability, but by how well they
approximate the target trial. This provides far greater con-
ceptual discipline than the conventional practice of pool-
ing all “eligible” studies and addressing incompatibility lat-
er through sensitivity analyses.

Causal interpretation also forces deeper engagement
with identifiability assumptions. Conditional exchange-
ability, positivity, consistency, and non-interference are not
optional theoretical add-ons; they are the bridge between
observed data and counterfactual claims.*”®
Conventional meta-analysis often operates as though caus-
al meaning were an automatic product of study design
hierarchy, especially when randomized trials are involved.
CIMA rejects that shortcut. It accepts that causal infer-
ence is assumption-dependent, but argues that making
assumptions explicit is scientifically preferable to hiding
them behind statistical routine."*”

One area in which this difference is especially import-
ant is the treatment of non-linear effect measures. Relative
risks and odds ratios are frequently pooled and interpreted
as though they represented straightforward summary ef-
fects across populations. Yet such measures are generally
non-collapsible, meaning that the pooled relative estimate
may not correspond to the causal effect in any real target
population.'*> CIMA brings this issue to the foreground by
emphasizing causal aggregation formulas and scale-aware
interpretation. This is not a technical luxury; it is central to
avoiding misleading conclusions when treatment effects
interact with baseline risk.

The case for elevating CIMA becomes even stronger in
the era of real-world data, precision medicine, and auto-
mated analytics. Modern healthcare increasingly relies on
electronic health records, registries, claims databases, digi-
tal monitoring systems, and longitudinal observational
data.'*® These data sources create opportunities to define
target populations more realistically and to estimate treat-
ment effects that are clinically relevant beyond trial set-
tings. At the same time, they introduce high-dimensional
confounding structures and complex forms of treatment
heterogeneity that exceed the limits of conventional me-
ta-analytic workflows.">® CIMA is better suited to this en-
vironment because it can incorporate doubly robust es-
timators, transportability methods, and causal machine
learning to estimate conditional and population-specific
effects.'*®

This naturally leads to the issue of automation, which
may become one of the most transformative develop-
ments in causal evidence synthesis." Automation in this
context should not be understood as replacing method-
ological judgment, but as enabling consistent, scalable,
and transparent implementation of causal workflows. Fu-
ture causal meta-analytic platforms could automate sever-
al essential functions: identification and harmonization of
eligibility criteria across studies, extraction of covariates rel-

evant to transportability, detection of overlap and positivity
violations, estimator selection, implementation of doubly
robust methods, diagnostic assessment, and dynamic up-
dating of causal estimates as new evidence emerges.'>°
Such systems could integrate trial data with real-world
target population data and generate estimates tailored to
predefined clinical contexts.

Automation also offers an important corrective to one
of the main criticisms of CIMA, namely its methodological
complexity. At present, the application of transportability
weights, TMLE, augmented estimators, cross-fitting, and
causal diagnostics requires advanced expertise in both bio-
statistics and causal inference.'>° That level of expertise will
remain essential for oversight, but user-friendly software
can lower the threshold for adoption. In the same way that
conventional meta-analysis became widely used after the
emergence of packages that automated inverse-variance
pooling, forest plots, heterogeneity statistics, and funnel
plots, CIMA will expand more rapidly when comparable
platforms become available for causal estimands, target
trial specification, transportability diagnostics, and auto-
mated sensitivity analyses. However, it would be premature
to overstate current automated capabilities. Existing tools
such as CausalMetaR, while valuable, are research-grade
implementations that require expert configuration and are
not yet embedded in standard systematic review software
environments." Barriers including the absence of harmo-
nized covariate ontologies across trial registries, variability
in reporting of eligibility criteria, and the absence of vali-
dated pipelines for automated positivity checking repre-
sent substantive implementation challenges that the field
has not widely resolved.'>° Progress in this area will depend
on coordinated efforts between methodologists, software
developers, data curators, and regulatory agencies.

There is also a deeper opportunity here. Automated
causal synthesis could help reposition evidence-based
medicine from static guideline production toward con-
tinuously updated, target-population-specific decision
support.® As new trials, registries, and observational data-
sets become available, automated CIMA systems could
function as “live causal meta-analyses,” updating effect
estimates in near real time."** This would be particularly
valuable in fast-moving therapeutic fields, rare diseases,
long-term safety surveillance, and precision medicine ap-
plications where subgroup-specific effects matter greatly.
Rather than issuing a single pooled estimate for all settings,
automated CIMA could generate a family of estimates tied
to explicit target populations and clearly stated assump-
tions.

Still, automation should not be romanticized. Poorly
designed automated systems could simply reproduce the
limitations of conventional meta-analysis at greater speed.
The quality of automated causal analysis will depend on
sound target trial specification, harmonized covariate defi-
nitions, rigorous attention to missingness and censoring,
and transparent reporting of assumptions and model de-
pendence.'*® Automation can enhance consistency and
scalability, but it cannot rescue invalid design. Human ex-
pertise will remain indispensable in defining the question,
choosing relevant covariates, assessing plausibility of ex-
changeability, and interpreting findings in clinical context.

Practical limitations of CIMA should therefore be ac-
knowledged. Access to individual participant data remains
challenging; measurement heterogeneity across trials
is common; and unmeasured effect modifiers remain a
persistent threat.'** The requirement for individual partic-
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ipant data is particularly consequential: aggregate-level
data meta-analyses, which constitute the majority of pub-
lished syntheses, cannot support the covariate-level mod-
elling that transportability methods require.”'® Data-shar-
ing agreements, regulatory restrictions, and proprietary
trial databases present formidable practical barriers that
limit CIMA’s reach in the short term.'" Similarly, automat-
ed causal synthesis platforms remain nascent; the Causal-
MetaR package, while a meaningful advance, currently
requires substantial user expertise in causal model specifi-
cation and is not yet integrated into the systematic review
workflows that most applied researchers employ." Scaling
these tools to routine clinical practice will require invest-
ment in interoperable data infrastructure, training, and val-
idation standards that extend well beyond methodological
development.'® Journals and funders should therefore con-
sider whether reporting standards for CIMA applications,
analogous to PRISMA for conventional meta-analysis, are
now warranted. Yet these limitations do not weaken the
argument for causal interpretation. On the contrary, they
strengthen it. They show that the path from evidence syn-
thesis to decision-making is more fragile than conventional
hierarchies imply. CIMA does not create these problems; it
exposes them. In doing so, it provides a more transparent
and methodologically mature foundation for evidence ap-
praisal.

If evidence hierarchies are to remain relevant, they
must evolve with the science of inference. A hierarchy that
places conventional meta-analysis above all other designs
without regard to causal interpretability is increasingly dif-
ficult to defend."” It isimportant to note that this argument
does not diminish the internal validity of well-conducted
randomized controlled trials, which remain the gold stan-
dard for establishing that an intervention can work under
controlled conditions.”” The critique is directed not at the
individual trial, but at the conventional synthesis frame-
work that collapses across trials with different populations
without explicit causal reckoning. CIMA does not replace
the RCT; it reframes how RCT evidence is transported, ag-
gregated, and made actionable for decision-relevant pop-
ulations. In an age of target trial emulation, transportability
science, real-world evidence, and causal automation, the
strongest evidence is not merely the most pooled, but the
most decision-relevant. Causally interpreted meta-analysis
should therefore be regarded not as a niche refinement of
traditional synthesis, but as its logical successor.

Meta-analysis should no longer be judged solely by its ca-
pacity to combine studies with statistical efficiency. Its real
value lies in whether it can inform causal decisions for the
populations in which care is delivered. Causally interpreted
meta-analysis provides that necessary shift. By integrating
causal inference, transportability, target trial emulation,
and the emerging possibilities of automation, it offers a
more rigorous and clinically meaningful model of evidence
synthesis. For that reason, it deserves to rank above conven-
tional meta-analysis in the hierarchy of evidence in medi-
cine’
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