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For a long time I have thought I was a statistician,
interested in inferences from the particular to the
general. But as I have watched mathematical
statistics evolve, I have had cause to wonder and to
doubt…. All in all, I have come to feel that my
central interest is in data analysis, which I take to
include, among other things: procedures for
analyzing data, techniques for interpreting the
results of such procedures, ways of planning the
gathering of data to make its analysis easier, more
precise or more accurate, and all the machinery
and results of statistics which apply to analyzing
data ( ).Tukey, 1962
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Trend 1: More complex models for more complex data
• Hierarchical meta-analysis ( ; 

)

• Correlated-and-hierarchical effects models ( )

• Multivariate, multilevel meta-analysis ( ; 
)

• Network meta-analysis ( ; )

• Phylogenetic meta-analysis ( )

• Location-scale random effects models ( )

• 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

Lajeunesse, 2009

Viechtbauer & López-López, 2022

Bartoš et al., 2023 2026
Maier et al., 2023
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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 E�ect 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
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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-analysis.

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 e�ect 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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Trend 2: Method Proliferation
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Many available tools for investigating selective
reporting
• Tests/adjustments for funnel plot asymmetry

▪ Trim-and-�ll ( )

▪ Limit meta-analysis ( )

▪ Egger’s regression ( )

▪ PET/PEESE ( )

▪ Skewness of standardized deviates (
)

▪ LFK index ( )

▪ Kinked meta-regression ( )

▪ Weighted average of adequately powered studies
(WAAP, )

▪ Weighted-and-iterated least squares (WILS,
)

• Selection models

▪ Weight-function models ( )

▪ Copas models ( )

▪ Worst-case sensitivity analysis (
)

• p-value diagnostics

▪ Test of Excess Signi�cance (
)

▪ -curve ( )

▪ -uniform ( )

▪ ( )

▪ -curve ( ; 
)

• Model Ensembles

▪ Robust Bayesian Meta-Analysis (
, ; )

Duval & Tweedie, 2000

Rücker et al., 2011

Egger et al., 1997

Stanley & Doucouliagos, 2014

Lin & Chu,
2018

Furuya-Kanamori et al., 2018

Bom & Rachinger, 2019

Stanley et al., 2017

Stanley & Doucouliagos, 2024

Vevea & Hedges, 1995

Copas & Shi, 2000

Mathur &
VanderWeele, 2020

Ioannidis & Trikalinos,
2007

p Simonsohn et al., 2014

p van Assen et al., 2015

p-uniform

∗ van Aert & van Assen, 2026

Z Bartoš & Schimmack, 2022 Brunner &
Schimmack, 2020

Bartoš et al.,
2023 2026 Maier et al., 2023
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Can simulation save us?
• Hong & Reed ( ) propose that analysts should

▪ Identify conditions within past simulations that most closely resemble their
data

▪ Only use methods that perform well under those conditions

2021

• This would require:

▪ Knowledge about which features of your data are important

▪ Past simulations that examined similar conditions and all relevant methods

▪ Method performance does not depend strongly on unknown parameters
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Sample size distributions
In simulation studies on publication bias in meta-analysis of continuous outcomes

11



What is needed?
• Methodology that provides contra-indications and diagnostics for

discontinuing use of a method.

• Greater emphasis on model �t assessment in real data analysis.

• Better simulations

▪ Living synthetic benchmarks ( ) that seperate work on
specifying benchmarking conditions from work on method/guidance
development.

▪ Calibrated simulations, speci�c to one application (a.k.a. plasmode
simulations, ; )

Bartoš et al., 2025

Franklin et al., 2014 Schreck et al., 2024
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Trend 3: Questing for robustness
• Fixed effects weighting for robustness to publication bias ( )

▪ Multiplicative heterogeneity models ( ; )

▪ Unrestricted weighted least squares ( )

• Robust variance estimation

▪ for heteroskedasticity ( )

▪ for dependent effects ( )

▪ small-sample corrections ( ; ; )

• Pseudo-likelihood methods for multivariate meta-analysis ( )

Henmi & Copas, 2010

Mawdsley et al., 2017 Thompson & Sharp, 1999

Stanley & Doucouliagos, 2015

Sidik & Jonkman, 2006

Hedges et al., 2010

Joshi et al., 2022 Tipton, 2015 Tipton & Pustejovsky, 2015

Chen et al., 2015

Robust methods shift focus away from
developing models that we would actually
put stock in.
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What is needed?

A model that provides a (relatively) more extensive description of a data-
generating process, de�ned by parameters that have a (relatively) stable
interpretations across contexts.

More heuristic methods More generative models

Generative model

14



Publication bias
Random e�ects model

Param Est 95% CI

μ 0.30 0.23 0.38

τ 0.19 0.08 0.30

Regression adjustment (heuristic)
Param Est 95% CI

β0 0.25 -0.25 0.75

β1 0.19 -1.53 1.90

τ 0.19 0.09 0.31

Step-function selection model (generative)
Param Est 95% CI

μ 0.05 -0.13 0.23

τ 0.16 0.00 0.29

λ1 (p > .025) 0.22 0.02 0.43

λ2 (p > .500) 0.07 0.00 0.17

kmissing 322 61 1258
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Meta-analysis of binary outcomes
Random e�ects model of log-odds ratios

Param Est 95% CI 80% PI

μLOR 0.56 0.49 0.63 0.26 0.87

OR 1.75 1.63 1.88 1.29 2.38

τ 0.24 0.15 0.35

Bivariate model of arm-speci�c risks

Param Est 95% CI 80% PI τ

logit(p0) -2.05 -2.18 -1.92 -2.97 -1.12 0.72

μLOR 0.56 0.49 0.63 0.26 0.85 0.23

OR 1.75 1.63 1.87 1.30 2.34

• How well this method works depends on the distribution of ( ).π

0i

Pateras et al., 2018

16

http://localhost:3765/?view=print#/references
http://localhost:3765/?view=print#/references


Meta-analysis vs. computational modeling
• Pillny et al. ( ) synthesized research on effort-based decision-making

(EBDM) tasks to understand differences in motivation across individuals with
different psychological disorders.

2026

Meta-analysis
• Meta-analysis of standardized mean

differences comparing diagnostic
groups versus health controls on
EBDM tasks:

▪ Dual choice paradigms

▪ Effort-discounting paradigms

▪ Progressive ratio paradigms

Computational models
• Narrative review of computational

models that aim to understand
component processes in decision-
making:

▪ Reward valuation

▪ Effort sensitivity

▪ Probability weighting

While computational modeling may provide deeper insights into EBDM

http://localhost:3765/?view=print#/references
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mechanisms, its parameters cannot be directly aggregated in classical
meta-analyses due to variations in model structures, parameter
de�nitions, and task designs. Unlike standardized effect sizes used in
traditional meta-analyses, computational parameters are model-
dependent and often require study-speci�c assumptions, making direct
comparisons across studies challenging or unfeasible.

17



Aspire for more generative models
• More generative models…

▪ Can be used for simulating data

▪ Can be used to make predictions

▪ Can be more thoroughly evaluated for �t / mis�t

▪ Can be more closely tied to scienti�c phenomena / substantive theory

18



Trends and Directions
Naive use of complex models • Preliminary data analysis

routines

Method proliferation • Method contra-indications

• Better / more model �t assessment

• Living synthetic benchmarking studies

• Calibrated simulations

Questing for robustness • Aspire towards more generative
models

19
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