
Evidence synthesis methods for

investigating variation in treatment

effects: Challenges and innovations
James E. Pustejovsky
University of Wisconsin - Madison

November 11, 2026

1



Evidence Synthesis

Evidence synthesis: The systematic integration of empirical results across
multiple sources of evidence, for purposes of drawing generalizations (Cooper &
Hedges, 2009).

Meta-analysis: The set of statistical methods used to conduct research
synthesis, especially methods for combining results from a collection of multiple
studies. The application of such methods to empirical data.

(Potential) contributions of evidence synthesis

1. Summarizing, integrating, and clarifying patterns of findings on a topic.

2. Understanding variation in findings.

3. Assessing limitations of available evidence.

4. Informing evidence-based practice and policy guidance.
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Challenges and innovations

1. Interpret the distribution

2. Meta-analytic models are not magic

3. Moderator analysis is correlational

4. Aggregated data has limits
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A distribution of effect size parameters

Random effects meta-analysis assumes a distribution of latent effect size
parameters.

Important to interpret the whole distribution, not just the average effect size.
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Dependent effect sizes

Dependent effect sizes are ubiquitous in
psychology and social science meta-analyses.

Effect sizes have a hierarchical structure,
with multiple estimates nested within a
study.

Meta-analytic models can describe the
amount and structure of heterogeneity.
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Mindful movement synthesis

Deng et al. ( ) examined the effects of mindful movement on cognitive
functioning of school-age children.

Mean of effect size distribution: , 95% CI [0.408, 0.605]

SDs of effect size distribution: , ,
.

80% prediction interval for effect size in a new study: 

2025

μ̂ = 0.507

τ̂total = 0.475 τ̂between = 0.375
τ̂within = 0.292

[−0.105, 1.119]
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Challenges and innovations

1. Interpret the distribution

2. Meta-analytic models are not magic

3. Moderator analysis is correlational

4. Aggregated data has limits
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More complex models for more complex data

Hierarchical meta-analysis ( ; 
)

Correlated-and-hierarchical effects models ( )

Multivariate, multilevel meta-analysis ( ; 
)

Network meta-analysis ( ; )

Robust Bayesian model-averaged meta-analysis ( , ;
)

Konstantopoulos, 2011 Van den Noortgate et al.,
2013

Pustejovsky & Tipton, 2022

McShane & Böckenholt, 2018 Sera et
al., 2019

Higgins & Whitehead, 1996 Lu & Ades, 2006

Bartoš et al., 2023 2026
Maier et al., 2023

8



I cast the correlated-and-hierarchical effects
working model with cluster-robust variance
estimation, CR2 small-sample adjustment, and
Satterthwaite degrees of freedom (

)!
Pustejovsky &

Tipton, 2022
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I cast Robust Bayesian Model-
Averaged Meta-Analysis with
Selection Models ( )!Bartoš et al., 2023
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Preliminary data analysis methods

Initial data analysis as a formal process ( ; ;
; ).

Baillie et al., 2022 Heinze et al., 2024
Huebner et al., 2018 Lusa et al., 2024

PReliminary Investigation of MEta-analytic Databases

(PRIMED, )Pustejovsky et al., 2026

Describe the amount of data and its dependence structure

Explore study characteristics and potential moderators

Inspect standard errors and other auxiliary data

Visualize the distribution of effect size estimates
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

Describe the amount of data and its dependence structure

Sample size distribution Effect size estimates per sample

Source: Winters et al. ( ). Investigating narrative performance in children with developmental language disorder: A systematic review and meta-analysis.2022

Explore study characteristics and potential moderators




Follow-up times vary within and between

studies

Source: McLouth et al. ( ). A systematic review and meta‐analysis of effects
of psychosocial interventions on spiritual well‐being in adults with cancer.

Within-study co-occurrence of assessment

types

Assessment type (A) (B) (C) (D)

(A) ISL 3 (4, 20) 3 (4, 20) 2 (2, 18)

(B) Macro 3 (4, 13) 26 (39, 111) 22 (33, 87) 4 (11, 11

(C) Micro 2 (2, 31) 22 (33, 153) 31 (49, 235) 4 (11, 15

(D) Mixed 4 (11, 14) 4 (11, 14) 6 (13, 16

Values outside parentheses indicate the number of studies;

Values in parentheses indicate the number of samples and number of effect
size estimates.

Source: Winters et al. ( ). Investigating narrative performance in children
with developmental language disorder: A systematic review and meta-analys

2021

2022

Inspect standard errors and other auxiliary data




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Source: Winters et al. ( ). Investigating narrative performance in children with developmental language disorder: A systematic review and meta-analysis.2022

Visualize the distribution of effect size estimates
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

Hierarchical

forest plot
Source: Winters et al. ( ).
Investigating narrative performance in
children with developmental language
disorder: A systematic review and
meta-analysis.

2022
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Challenges and innovations

1. Interpret the distribution

2. Meta-analytic models are not magic

3. Moderator analysis is correlational

4. Aggregated data has limits

13



What works for whom, how, and under what conditions?

Moderator analysis is used to investigate variation in effect sizes.

How are study characteristics related to magnitude of intervention effects?

Who benefits? How are benefits and harms distributed across population of
interest?

Moderator analyses often examine variation in effect size based on
characteristics of primary study participants and contexts:

Participants’ family income level

Presence or absence of intervention features

Study setting

Type/category of outcome measure
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Moderator analysis through meta-regression:

Meta-regression with a continuous moderator :

 measures differences in average effects for studies differing by 1 unit on

X1

Ti = β0 + β1X1i + ϵi

β1

X1

Or for a categorical predictor with levels :A, B, C, D

Ti = β0 + β1 (X1i = B) + β2 (X1i = C) + β3 (X1i = D) + ϵi
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Are there differences by domain of cognitive

functioning?
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Average intervention duration (hours) by cognitive

domain

domain_ M SD min median max

A 11.94 14.07 1 8.00 78

EF 15.73 16.38 1 12.00 88

WM 9.79 5.97 1 10.50 24

PS 14.25 10.75 1 16.00 24
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Distinguishing direct versus contextual evidence

Direct evidence

Reported effect size estimates for
each of multiple subgroups,
intervention types, outcome types,
etc..

Study-level operational features are
held constant.

Can provide estimates of individual-
level variation in impacts.

Contextual evidence

Sample-level average effect size
estimates and average sample
characteristics.

Open to aggregation bias (a.k.a. the
ecological fallacy).

18



Direct and contextual evidence are conceptually distinct…

…and should be analyzed as such.

Meta-analyze the direct evidence (co-occurring effect sizes) alone, excluding
the contextual evidence.

and/or

Center the predictor by sample, include the centered predictor and the
sample-level averaged predictor in a meta-regression.

19



Meta-analyze the direct evidence alone

Analyze the direct evidence (co-occuring effect sizes) in a separate meta-
analysis, excluding the contextual evidence.

( ) = ( ) + ( ) + ( )
ES WM

j

ES A
j

μWM

μA

v0j

v1j

e0j

e1j
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Center by sample

Calculate sample-level aggregate characteristic for each unique sample:

(Attention)
j

=
1

∑
kj

i=1 Nij

kj

∑
i=1

Nij × (Attention)ij

–
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Challenges and innovations

1. Interpret the distribution

2. Meta-analytic models are not magic

3. Moderator analysis is correlational

4. Aggregated data has limits
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Conventional meta-analysis uses summary results

Effect size estimates in meta-analysis are usually summaries or averages
across individual participants.

Each observation is an average intervention effect across participants in a
primary study

Studies differ in sample composition.

We could use moderator analysis to understand how intervention effects vary
in relation to sample characteristics:

Ti = β0 + β1(Average age)i + ϵi

But an aggregate-level relation does not imply an individual-level relation.

The “ecological fallacy”

Aggregation bias
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A stylized example

Within-study relation differs from aggregate-level relation (Simpson’s paradox).
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Individual participant data synthesis

1. Get the raw data from the primary studies.

2. Analyze all of it in one big (multilevel) model.

Raw data allows analysis of individual-level moderation effects and even
testing for aggregation bias ( ; ).Lambert et al., 2002 Schmid et al., 2004

We can adjust for differences in sample composition and conduct targeted
generalizations, using tools from causal inference ( ).Dahabreh et al., 2020
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Challenges in IPD synthesis

Difficult and time-consuming to obtain IPD ( ; ;
).

But increasing use of registered reports and multilab replication studies
helps!

Nevitt et al., 2017 Polanin, 2018
Polanin & Terzian, 2019

IPD is usually only available for a subset of primary studies.

Potential for availability bias ( ; ).

But it is possible to jointly model IPD and AD ( ; 
).

Ohmann et al., 2021 Riley et al., 2021

Riley et al., 2008 Zhang &
Pustejovsky, 2026

Need to harmonize variables measured in many different ways.

But IPD allows one to evaluate different approaches and effect metrics
( ; ).Cooper & Patall, 2009 Tierney et al., 2015
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Challenges and innovations

1. Interpret the distribution

2. Meta-analytic models are not magic

3. Moderator analysis is correlational

4. Aggregated data has limits
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