
Research Synthesis Methods (2026), 00: 1–34
doi:10.1017/rsm.2026.10117

RESEARCH ARTICLE

Estimation and inference for step-function selection models
in meta-analyses with dependent effects

James E. Pustejovsky 1, Martyna Citkowicz2 and Megha Joshi2

1School of Education, University of Wisconsin-Madison, USA
2American Institutes for Research, USA

Corresponding author: James E. Pustejovsky; Email: pustejovsky@wisc.edu

Received: 3 June 2025 UTC; Revised: 23 June 2026 UTC; Accepted: 10 July 2026 UTC

Keywords: dependent effect sizes; meta-analysis; publication bias; selection models; selective reporting

Abstract
Meta-analyses in social science fields face multiple methodological challenges arising from how primary research
studies are designed and reported. One challenge is that many primary studies report multiple relevant effect
size estimates, leading to a data structure with dependent observations. Another is selective reporting bias, which
arises when the availability of study findings is influenced by the statistical significance of results. Although
many selective reporting diagnostics and bias-correction methods have been proposed, few are suitable for
meta-analyses involving dependent effect sizes. Among available methods, step-function selection models are
conceptually appealing and have shown promise in previous simulations, but tend to understate uncertainty in
parameter estimates if dependent effects are ignored. We study methods for estimating step-function models from
data involving dependent effect sizes, focusing specifically on estimating parameters of the marginal distribution
of effect sizes and accounting for dependence using cluster-robust variance estimation or bootstrap resampling.
We describe two estimation strategies, demonstrate them by re-analyzing data from a previous synthesis on ego
depletion effects, and evaluate their performance through an extensive simulation study under both univariate and
multivariate selection processes. Simulation findings indicate that selection models provide low-bias estimates
of average effect size and clustered bootstrap confidence intervals provide acceptable coverage levels for meta-
analyses with at least 30 studies. Although unadjusted estimates are more efficient when selective reporting is
absent or minimal, the proposed methods provide a robust and useful approach for evaluating the potential biases
arising when selective reporting is present in meta-analyses with dependent effects.

Highlights
What is already known?

• Selective reporting of primary study results can distort the findings from meta-analyses.
• In many fields of application, meta-analyses include primary studies providing multiple, statistically

dependent effect size estimates.
• Step-function selection models are a theoretically appealing tool for correcting bias from selective reporting,

but these models were developed for meta-analyses that include only one effect size estimate per study.
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What is new?

• We examine strategies for estimating step-function selection models in meta-analyses with dependent effect
sizes.

• We report a large simulation study demonstrating that step-function models can be estimated using penalized
maximum likelihood methods, combined with bootstrapping techniques to account for dependent effect size
estimates.

Potential impact for RSM readers

• The proposed estimation methods can be applied to adjust for selective reporting of study results in meta-
analyses with 30 or more studies that include dependent effect sizes.

• This strategy complements other existing methods for examining selective reporting bias in meta-analyses
with dependent effect sizes.

1. Estimation and inference for step-function selection models in meta-analysis
with dependent effects

The validity of conclusions from meta-analytic syntheses depends critically on the reporting practices
of researchers, journal editors, and peer reviewers. If the findings accessible to meta-analysts are not a
representative record of the research that has been conducted on a topic, then meta-analytic summaries
may be systematically biased.1 Of particular concern is the possibility that results from primary studies
are selectively reported in ways that distort the evidence available for synthesis, such as by reporting
findings that are statistically significant but omitting findings that are null or not consistent with
researchers’ hypotheses.2,3

Selective reporting practices can occur at the level of the entire study or at the level of a specific
finding within a study. At the study level, publication bias occurs when full study reports are withheld
from public availability as a function of some aspect of their findings.3,4 Reports with statistical
conclusions that support research hypotheses may be more likely to be published than those that do not.
At the level of the individual finding, a study that clears the hurdle of publication might still include
results for only a subset of analyses conducted or outcome measures examined, leading to outcome
reporting bias.4,5

Evidence from medical, educational, and social sciences provides indications of the prevalence of
selective reporting. For example, studies have found that statistically significant outcomes were 2.4–4.7
times more likely to be published than non-significant outcomes in the medical sciences6 and 2.4 times
more likely in education.7 Studies examining various fields, including clinical trials of antipsychotics,8
psychology research,9,10 management science,11 economics, and environmental sciences,12 have found
widespread selective outcome reporting on the basis of statistical significance.

Because selective reporting is of such central concern for meta-analysis, a wide range of statistical
tools have been developed for detecting its presence and reducing the biases it creates.1,13 One common
graphical diagnostic is the funnel plot, a simple scatterplot of effect size estimates versus a measure
of their precision.14 Widely used statistical diagnostics include the rank correlation test15; Egger’s
regression test16; the trim-and-fill adjustment17; and various regression adjustment methods, including
the precision effect test (PET), precision effect estimate with standard error (PEESE), PET–PEESE
technique,18 and endogenous kink meta-regression.19 Another class of methods for assessing and
correcting selective reporting are 𝑝-value selection models, which build on summary meta-analysis or
meta-regression models by making explicit assumptions about how the probability that an effect size
estimate is reported relates to the sign and statistical significance level of the effect. Building on earlier
proposals,20–22 Vevea and Hedges proposed step-function models where the selection function is piece-
wise constant, with steps at fixed significance thresholds.23,24 The step-function model captures simple
but plausible forms of selective reporting, such as shifts in selection probability at the psychologically
salient thresholds of 𝑝 = 0.05 or 𝑝 = 0.01.2,25–27
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Step-function selection models have several advantages over other available methods for diagnosing
and adjusting for selective reporting bias. First, they are generative models with parameters that directly
describe the selective reporting process, making them more interpretable than regression adjustments
for small-study effects, which are agnostic with respect to the specific mechanism of selective reporting.
Second, they can incorporate both discrete and continuous moderators, enabling one to distinguish
between selective reporting bias and systematic differences in effect size that can be predicted by
primary study characteristics. Third, findings from simulations indicate that simple forms of step-
function models outperform alternative bias adjustment methods when effect sizes are heterogeneous
because they allow for the inclusion of a random-effect term.28–30

Step-function models also have drawbacks that should be considered. Notably, they are more
complex—and perhaps less intuitive—than regression adjustments or trim-and-fill. The thresholds in
the step function must be chosen a priori, and so may not correspond to the true selective reporting
process. Furthermore, the models are built on the assumption that the selection process is homogeneous
across study features other than statistical significance, such as study size or funding status. Step-
function models also require a larger number of effect sizes for accurate estimation of the model
parameters, particularly when a more complex (i.e., multiple-step) selection process is assumed.
Despite these complexities, the plausible selective reporting process expressed by the step-function
model, coupled with its demonstrated performance in past simulations,28,31 makes it a promising
approach for analyzing and correcting the bias arising from selective reporting.

1.1. Dependent effect sizes

The vast majority of the work on selective reporting has focused on methods appropriate for relatively
simple summary meta-analyses in which each included study contributes a single independent effect
size estimate. This presents a problem for syntheses in education, psychology, and many other
areas, where meta-analyses routinely include studies with multiple, dependent effect sizes. Effect
size dependencies occur when multiple effect sizes are extracted from the same sample, resulting in
statistically dependent estimates. Dependent effect size estimates commonly occur (1) when multiple
outcome measures are collected on the same sample; (2) when the same sample is measured over
multiple time points; or (3) when multiple treatment groups are compared to the same control group.32

These phenomena lead to estimates with correlated sampling errors, or what we refer to as a correlated
effects dependence structure. Dependence can also arise when effect sizes are extracted from multiple
samples involving the same operational features, such as multiple studies conducted by the same
research group, leading to a hierarchical effects dependence structure.33

Effect size dependencies are very common in social science synthesis, as well as in other research
areas.34 For example, for the more than 1,000 educational intervention studies reviewed by the What
Works Clearinghouse since 2017, 73% included more than one intervention effect estimate, with a
median of four effect sizes per study (WWC, 2020). Surveys of systematic reviews on topics in
psychology,35 education,36 environmental sciences,37 and neurobiology38 have also documented a high
prevalence of dependent effect sizes. Thus, multiple effects are often the norm rather than the exception.

Meta-analysts now have access to an array of methods for summarizing and modeling dependent
effect sizes. For hierarchical effects dependence, analysts can apply multilevel meta-analytic models
that provide estimates of effect heterogeneity at each of several levels.39,40 For some specific forms
of correlated effects dependence such as studies with multiple treatment groups or factorial treatment
structure, multivariate meta-analysis methods are available that treat findings from a given study as
a vector with distinct dimensions.41–43 However, many instances of dependent effects involve both
correlated and hierarchical effects structure; in other instances, the multiple findings reported in some
studies do not have a regular dimensional structure; and commonly, the information needed to estimate
the correlation structure of effect size estimates is not available in primary study reports.36,44

In circumstances where the exact dependence structure of effects does not fit neatly into multilevel
or multivariate models, a technique known as robust variance estimation (RVE)33 has proven to be an
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attractive strategy. RVE is useful because it provides a means to assess uncertainty in model parameter
estimates that does not rely on strong assumptions about the exact dependence structure of the effect size
estimates. Instead, RVE involves specifying a tentative working model for the dependence structure, but
calculating standard errors, hypothesis tests, and confidence intervals (CIs) using sandwich estimators
that do not require the working model to be correct. RVE can also augment other modeling techniques
by specifying working models that capture multiple forms of dependence, as in the correlated-and-
hierarchical effects (CHE) model proposed by Pustejovsky and Tipton, which allows for correlated
effect estimates as well as heterogeneity of true effects both within and across studies.44 A closely
related strategy is to use bootstrap re-sampling to approximate the distribution of test statistics.45

However, extant developments in RVE and bootstrapping methods are limited to summary meta-
analysis and meta-regression models. Applications to selection models remain to be explored.

1.2. Investigating selective reporting with dependent effect sizes

Methodologists have only recently begun to examine selective reporting detection or bias-correction
methods in meta-analysis involving dependent effect sizes. Mathur and VanderWeele proposed a
sensitivity analysis based on the simplest possible form of the step-function selection model, with effect
size dependence handled using RVE.46 This sensitivity analysis provides an estimate of the average
effect size after correcting for selection with a single, threshold statistical significance level, where
the maximum strength of selection is pre-specified by the analyst. This approach is premised on an
assumed degree of selective reporting; thus, it does not estimate the strength of selection, nor does
it have extensions to more complex step functions with multiple thresholds. Another alternative is to
use a regression test for small-study effects, or association between effect sizes and standard errors,
combined with RVE or multilevel meta-analysis to handle dependent effect sizes.47,48 This method has
limited power to detect selective reporting under common meta-analytic scenarios.48 It also has the
same limitations as univariate Egger’s regression, in that it tests for a pattern of small-study effects,
which could have causes other than selective reporting.49

Chen and Pustejovsky reviewed a range of existing techniques for estimating average effect sizes
in the presence of selective reporting and dependent effect sizes.50 They also proposed adaptations
of several existing methods that can be formulated as meta-regressions, such as PET/PEESE and the
endogenous kink method, with dependence addressed using a particular working model combined
with RVE. In an extensive simulation study, they examined the performance of proposed adaptations
alongside existing methods that ignore effect size dependence, under scenarios where the selective
reporting process was consistent with a one-step (𝛼1 = 0.025) or two-step selection model (𝛼1 = 0.025
and 𝛼2 = 0.500). Although no single bias-correction method performed best across all conditions
examined, simple forms of the step-function selection model emerged as strong candidates. Across a
wide range of conditions, one-step and two-step selection models yielded average effect size estimates
with low bias that were usually more accurate than alternative bias-adjusted estimators. The strong
performance of step-function models may be explained by the alignment between the assumptions of
the step-function model and the mechanism used to introduce selective reporting in the data-generating
process of the simulations. However, because the step-function models involve the assumption that all
effect sizes are independent, CIs generated from the selection models did not have accurate coverage.
These findings underscore the need to further develop selection models that can account for dependent
effect sizes.

To address this need, we investigate how to estimate selection models and provide valid assessments
of uncertainty in parameter estimates for meta-analyses that involve dependent effect sizes. In applying
selection models to datasets involving dependent effects, we propose to model the marginal distribution
of the effect size estimates rather than the joint distribution of the dependent effects within each study.
This means we model each estimate considered as a single observation, without explicitly accounting
for its dependence on other effect sizes from the same study. To account for dependence, we consider
cluster-robust variance estimation and clustered bootstrap inference methods that allow for dependent
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observations even though it is not directly modeled. This strategy does have the limitation that the
model parameter estimates pertain only to the marginal distribution and do not distinguish between
selective publication of full studies versus selective reporting of individual outcomes.

Despite this limitation, we believe that the strategy of modeling the marginal distribution is worth
pursuing for at least three reasons. First, this strategy captures a plausible form of selection, in
which reporting is influenced by the significance level of individual effect size estimates. In contrast,
developing a multivariate selection model would require specifying assumptions about the probability
that each of many possible subsets of effect sizes is reported or censored. Little past work on reporting
practices has considered reporting of multiple findings within a study, so there is currently little
empirical basis to support assumptions about multivariate selection processes.i Moreover, it seems
reasonable to assume that the statistical significance level of individual effect size estimates would still
be a major consideration in more nuanced, multivariate selection models.

Second, focusing on the marginal distribution allows for computational tractability, whereas fitting
even quite basic multivariate models would require computing selection probabilities over high-
dimensional spaces of possible outcomes. Recent work attempting to implement multivariate selection
models in a Bayesian framework noted that such models become computationally intractable when
primary studies include more than three dependent effect sizes.52

Third, the marginal modeling strategy has several precedents within the meta-analytic and broader
statistical literature. For instance, generalized estimating equations often use a “working independence”
structure to estimate parameters in longitudinal data without requiring specification of the joint
distribution of the repeated measurements.53 Similarly, the unrestricted weighted least squares approach
for meta-regression relies on marginal modeling to provide a simpler alternative to complex hierarchical
structures,54 and pseudo-likelihood estimators for multivariate meta-analysis simplify the problem by
focusing on the marginal likelihoods of individual variates.55 Thus, we focus on developing marginal
step-function selection models as a practical and feasible tool, which could also serve as a building
block for more complex multivariate models.

The remainder of the article is organized as follows. In the next section, we describe the marginal
step-function selection model and detail two different strategies for estimating model parameters: one
using penalized maximum likelihood estimation methods and a novel strategy based on a re-weighted
random-effects model with inverse probability of selection weights. We also describe extensions of
RVE and bootstrap re-sampling techniques to assess uncertainty in selection model parameter estimates.
In the following section, we provide an empirical example that illustrates the methods by re-analyzing
data from a previously reported meta-analysis. In subsequent sections, we describe the methods and
results from a simulation study that evaluates the performance of point estimators and CIs across a
wide range of meta-analytic conditions involving a single-step selection process. In the final section,
we discuss findings, limitations, and implications for practice.

2. Models and estimation methods

Step-function selection models involve two components.56 The first component, which we call the
evidence-generating process, involves assumptions about the distribution of effect size estimates
prior to selective reporting. This component is usually a random-effects model or meta-regression
model. The second component, which we call the selection process, involves assumptions about
how effect size estimates come to be observed and therefore available for inclusion in the meta-
analysis. Combining these components leads to a model for the distribution of observed effect size
estimates.

We will use the following notation to describe the model and estimation methods. Let Φ() denote the
standard normal cumulative distribution function and 𝜙() denote the standard normal density function.
Consider a meta-analytic sample consisting of 𝐽 studies, in which study 𝑗 reports 𝑘 𝑗 effect size
estimates. Let 𝑦𝑖 𝑗 denote observed effect size estimate 𝑖 from study 𝑗 , defined so that positive values
are consistent with theoretical expectations. Each estimate is accompanied by a standard error 𝜎𝑖 𝑗 and
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corresponding one-sided 𝑝-value 𝑝𝑖 𝑗 = 1 − Φ(𝑦𝑖 𝑗/𝜎𝑖 𝑗 ), where the one-sided 𝑝-value is defined with
respect to the null hypothesis that the effect is less than or equal to zero and the alternative hypothesis
that the effect is positive. Let x𝑖 𝑗 be a 1 × 𝑥 row vector of predictors that encode characteristics of the
effect sizes, samples, or study procedures.

2.1. Evidence-generating process

We consider an evidence-generating process based on a conventional meta-regression model. Let 𝑌 ∗

denote an effect size estimate that has been generated from primary study data but might or might not
be reported; let 𝜎∗, 𝑝∗, and x∗ denote the corresponding standard error, one-sided 𝑝-value, and predictor
vector.ii The evidence-generating process can then be expressed as

(𝑌 ∗ |𝜎∗, x∗) ∼ 𝑁
(
x∗𝜷, 𝜏2 + 𝜎∗2

)
, (1)

where 𝜷 is an 𝑥 × 1 vector of regression coefficients that relate the predictors to average effect size
and 𝜏2 is the variance of the distribution of effect size parameters. This random-effects meta-regression
treats each observed effect size as if it were independent, even though the data may include multiple,
statistically dependent effect size estimates generated from the same sample. As a result, the regression
coefficients 𝜷 describe the overall expected effect size (given the predictors) and the variance parameter
𝜏2 describes the heterogeneity of the marginal effect size distribution, rather than decomposing the
heterogeneity into within-study and between-study components.

2.2. Selection process

At a general level, a 𝑝-value selection process is defined by a selection function, which specifies the
probability that an effect size estimate is reported given its 𝑝-value. Letting 𝑂 be an indicator for
whether the effect size estimate 𝑌 ∗ is observed, the selection process involves the assumption that
Pr (𝑂 = 1 | 𝑝∗) is proportional to a function 𝑤 (𝑝∗; 𝝀) that maps 𝑝-values in the interval [0, 1] to strictly
positive weights based upon an unknown 𝐻 × 1 parameter vector 𝝀 = (𝜆1, . . . , 𝜆𝐻 ).

Vevea and Hedges24 described a random-effects meta-regression model where selection weights vary
depending on a set of pre-specified thresholds for the one-sided 𝑝-value, chosen based on conventional,
psychologically salient cut-offs for judging statistical significance. Let 𝛼1, . . . , 𝛼𝐻 be a set of thresholds
for the one-sided p-values, and set 𝛼0 = 0, 𝛼𝐻+1 = 1, and 𝜆0 = 1. A step-function selection model can
be written as

𝑤 (𝑝∗; 𝝀) =
𝐻∑
ℎ=0

𝜆ℎ × 𝐼 (𝛼ℎ < 𝑝∗ ≤ 𝛼ℎ+1) , (2)

or equivalently as

𝑤 (𝑌 ∗, 𝜎∗; 𝝀) =
𝐻∑
ℎ=0

𝜆ℎ × 𝐼
(
𝜎∗Φ−1 (1 − 𝛼ℎ+1) ≤ 𝑌 ∗ < 𝜎∗Φ−1 (1 − 𝛼ℎ)

)
. (3)

Setting 𝜆0 = 1 is necessary for identification because the absolute probabilities of selection cannot
be estimated. The remaining parameters are therefore interpreted as relative probabilities of selection,
compared to the selection probability of a finding with 𝑝∗ ≤ 𝛼1.

In practice, meta-analysts will often use only a small number of steps in the selection model. One
common choice is the three-parameter selection model, which has a single step at 𝛼1 = 0.025, as
depicted in Figure 1a. With this choice of threshold, positive effects that are statistically significant
at the two-sided level of 𝑝 < 0.05 have a different probability of selection than effects that are not
statistically significant or not in the anticipated direction. Another possibility is to use two steps at
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Figure 1. Examples of step functions.

𝛼1 = 0.025 and 𝛼2 = 0.500, which allows for different probabilities of selection for effects that are
positive but not statistically significant and effects that are in the opposite of the expected direction, as
depicted in Figure 1b.

2.3. Distribution of observed effect size estimates

Combining the assumptions of the evidence-generating process and the selection process leads to a
model for an observed effect size estimate. The marginal distribution of an observed effect size estimate
𝑌 with standard error 𝜎 is equivalent to the distribution of 𝑌 ∗ given that 𝑂 = 1, with density function

𝑓 (𝑌 = 𝑦 |𝜎, x) = 𝑤 (𝑦, 𝜎; 𝝀)
𝐴
(
x, 𝜎; 𝜷, 𝜏2, 𝝀

) × 1
√
𝜏2 + 𝜎2

𝜙

(
𝑦 − x𝜷

√
𝜏2 + 𝜎2

)
, (4)

where

𝐴
(
x, 𝜎; 𝜷, 𝜏2, 𝝀

)
=
∫
R

𝑤 (𝑦, 𝜎; 𝝀) × 1
√
𝜏2 + 𝜎2

𝜙

(
𝑦 − x𝜷

√
𝜏2 + 𝜎2

)
𝑑𝑦. (5)

If 𝑤 (𝑦, 𝜎; 𝝀) = 1 for all possible 𝑦, then there is no selective reporting, 𝐴
(
x, 𝜎; 𝜷, 𝜏2, 𝝀

)
= 1,

and the density reduces to the unweighted density of a random-effects meta-regression model. The
𝐴
(
x, 𝜎; 𝜷, 𝜏2, 𝝀

)
term can be computed using the expression

𝐴
(
x, 𝜎; 𝜷, 𝜏2, 𝝀

)
=

𝐻∑
ℎ=0

𝜆ℎ𝐵ℎ , (6)

where 𝐵ℎ = Φ (𝑐ℎ) −Φ (𝑐ℎ+1) and 𝑐ℎ =
[
𝜎Φ−1 (1 − 𝛼ℎ) − x𝜷

]
/
√
𝜏2 + 𝜎2 for ℎ = 0, . . . , 𝐻.24

2.4. Estimation methods

Past developments of selection models have focused on maximum likelihood estimation23,24 or
Bayesian estimation under the assumption that all effect sizes are mutually independent57,58 or
on sensitivity analysis methods that treat the selection model as known.46,59 We consider two
estimation strategies that build upon and generalize past approaches, including maximum penalized
marginal likelihood (PML) and an alternative based on re-weighting the Gaussian likelihood of the
evidence-generating process. For purposes of estimation, we write the likelihoods using natural log
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transformations of the variance parameter and selection parameters, with 𝛾 = log 𝜏2, 𝜁ℎ = log𝜆ℎ , and
𝜻 = [𝜁1, . . . , 𝜁𝐻 ] ′.

With both estimation approaches, we incorporate prior penalty terms on all model parameters,
which regularize the likelihood and markedly improve the convergence properties of the estimation
algorithms.60,61 The penalty terms are equivalent to putting independent priors on each element of
the parameters.62 Let 𝑝𝜷 (𝜷), 𝑝𝛾 (𝛾), and 𝑝𝜻 (𝜻) denote the log-prior penalties on the corresponding
parameters. We describe the specific form of the penalty terms after outlining the estimation methods.

With both estimation approaches, we also allow for incorporation of weights, which permits efficient
calculation for a variety of bootstrapping techniques. Let 𝑎11, . . . , 𝑎𝐽 𝑘 𝑗 be an arbitrary set of weights
assigned to each effect size estimate. In a typical, unweighted analysis, all weights will be equal to
𝑎𝑖 𝑗 = 1.

2.4.1. Maximum penalized marginal likelihood
Composite marginal likelihood techniques involve working with the marginal distribution of each
observed effect size estimate as if they were all mutually independent.63,64 Thus, we make the working
assumption that the observed effect size estimates were generated from Equation (4). The log of the
marginal likelihood contribution for effect size estimate 𝑖 from study 𝑗 is given by

𝑙𝑀𝑖 𝑗 (𝜷, 𝛾, 𝜻) = log 𝑓
(
𝑌 = 𝑦𝑖 𝑗 |𝜎𝑖 𝑗 , x𝑖 𝑗

)
= log𝑤

(
𝑦𝑖 𝑗 , 𝜎𝑖 𝑗 ; 𝜻

)
− log 𝐴

(
x𝑖 𝑗 , 𝜎𝑖 𝑗 ; 𝜷, 𝛾, 𝜻

)
− 1

2

(
𝑦𝑖 𝑗 − x𝑖 𝑗𝜷

)2

exp (𝛾) + 𝜎2
𝑖 𝑗

− 1
2

log
(
exp (𝛾) + 𝜎2

𝑖 𝑗

)
− 1

2
log (2𝜋) . (7)

The weighted, penalized marginal log-likelihood across all 𝐽 studies is then

𝑙𝑀 (𝜷, 𝛾, 𝜻) =
𝐽∑
𝑗=1

𝑘 𝑗∑
𝑖=1

𝑎𝑖 𝑗 𝑙
𝑀
𝑖 𝑗 (𝜷, 𝛾, 𝜻) + 𝑝𝜷 (𝜷) + 𝑝𝛾 (𝛾) + 𝑝𝜻 (𝜻) . (8)

The PML estimators, denoted as 𝜷̂, 𝛾̂, and 𝜻̂ , are obtained as the set of parameter values that maximize
the penalized marginal log-likelihood for the observed data, as given in Equation (8).

If the true parameter values are not at the extremes of their ranges, the PML estimator can also be
defined as the solution of the weighted score equations:

𝐽∑
𝑗=1

S 𝑗

(
𝜷̂, 𝛾̂, 𝜻̂

)
+ 𝑝′

(
𝜷̂, 𝛾̂, 𝜻̂

)
= 0, (9)

where S 𝑗 (𝜷, 𝛾, 𝜻) denotes the score vector for study 𝑗 , consisting of derivatives of the likelihood
contributions for study 𝑗 with respect to the component parameters, and 𝑝′ (𝜷, 𝛾, 𝜻) denotes the vector
of derivatives of the prior penalty terms with respect to the component parameters. Appendix A of the
Supplementary Material provides exact expressions for the score vectors and derivatives of the prior
penalties.

Robust variance estimators, or sandwich estimators, are a commonly used technique for quantifying
the uncertainty in composite marginal likelihood estimators. Let H denote the Hessian matrix of the
composite log-likelihood,

H (𝜷, 𝛾, 𝜻) =
𝐽∑
𝑗=1

𝜕S 𝑗 (𝜷, 𝛾, 𝜻)
𝜕 (𝜷′ 𝛾 𝜻 ′) , (10)
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exact expressions for which are given in Appendix A of the Supplementary Material. Let Ŝ 𝑗 =

S 𝑗

(
𝜷̂, 𝛾̂, 𝜻̂

)
and Ĥ = H

(
𝜷̂, 𝛾̂, 𝜻̂

)
denote the score vectors and Hessian matrix evaluated at the

maximum of the penalized likelihood. A cluster-robust sandwich estimator of the sampling variance
of the CML estimator is then

V𝐶𝑀𝐿 = Ĥ−1 
��
𝐽∑
𝑗=1

Ŝ 𝑗 Ŝ′
𝑗
��� Ĥ−1. (11)

We construct CIs for model parameters using V𝐶𝑀𝐿 with Wald-type large-sample approximations. For
instance, the (1 − 2𝛼)-level large-sample CI for a meta-regression parameter 𝛽𝑔 is constructed as

𝛽𝑔 ±Φ−1 (1 − 𝛼) ×
√
𝑉𝐶𝑀𝐿
𝑔𝑔 ,

where 𝑉𝐶𝑀𝐿
𝑔𝑔 is the 𝑔𝑡ℎ diagonal entry of V𝐶𝑀𝐿 .

2.4.2. Augmented, re-weighted Gaussian likelihood
PML is not the only possible basis for deriving estimators of selection model parameters. As a
sensitivity analysis for worst-case selection bias, Mathur and VanderWeele46 proposed using regular
meta-analytic estimators for 𝜷, but with weights defined by the inverse probability of selection under
a one-step selection model (with 𝛼1 = 0.025). As a sensitivity analysis, they assumed a maximum
plausible degree of selection rather than estimating the selection parameter, so that the weights are
fixed quantities. In contrast, here we will consider a more general model, possibly with multiple steps,
using weights derived by estimating the selection parameter. We term this approach the augmented,
re-weighted Gaussian likelihood (ARGL) estimator because the Gaussian likelihood of the evidence-
generating process is re-weighted based on the selection process, with selection process parameters
identified by augmenting the likelihood with an additional estimating equation. We study this additional
estimation method because it is computationally less demanding than the PML estimator and because
it is based on a different estimation framework. It might therefore have better convergence rates or
different robustness properties than the PML estimator.

Given the parameters of the selection process, we can calculate relative probabilities of selection
for each effect size estimate, 𝑤𝑖 𝑗 (𝜻) = 𝑤

(
𝑦𝑖 𝑗 , 𝜎𝑖 𝑗 ; 𝜻

)
. We use these selection probabilities to form

weighted estimating equations for the evidence-generating process. Under the evidence-generation
model, the marginal log-likelihood of effect size estimate 𝑖 from study 𝑗 is Gaussian, given by

𝑙𝐺𝑖 𝑗 (𝜷, 𝛾) = −1
2

(
𝑦𝑖 𝑗 − x𝑖 𝑗𝜷

)2

exp (𝛾) + 𝜎2
𝑖 𝑗

− 1
2

log
(
exp (𝛾) + 𝜎2

𝑖 𝑗

)
− 1

2
log (2𝜋) .

Allowing for weights, the re-weighted Gaussian log-likelihood contribution of study 𝑗 is

𝑙𝐺𝑗 (𝜷, 𝛾, 𝜻) =
𝑘 𝑗∑
𝑖=1

𝑎𝑖 𝑗

𝑤𝑖 𝑗 (𝜻)
× 𝑙𝐺𝑖 𝑗 (𝜷, 𝛾)

and the penalized likelihood of all 𝐽 studies is given by

𝑙𝐺 (𝜷, 𝛾, 𝜻) =
𝐽∑
𝑗=1

𝑘 𝑗∑
𝑖=1

𝑎𝑖 𝑗

𝑤𝑖 𝑗 (𝜻)
× 𝑙𝐺𝑖 𝑗 (𝜷, 𝛾) + 𝑝𝜷 (𝜷) + 𝑝𝛾 (𝛾) . (12)
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If the selection parameter was known, we could find estimators for 𝜷 and 𝛾 by maximizing 𝑙𝐺 (𝜷, 𝛾, 𝜻)
for a fixed value of 𝜻 . To estimate the full set of model parameters, we augment the Gaussian likelihood
by borrowing the estimating equation for 𝜻 from the PML approach.

The ARGL estimator can be defined more precisely by a set of estimating equations. Let
S𝐺
𝜷 𝑗

(𝜷, 𝛾, 𝜻) and S𝐺
𝛾 𝑗 (𝜷, 𝛾, 𝜻) denote the derivatives of 𝑙𝐺𝑗 (𝜷, 𝛾, 𝜻) with respect to 𝜷 and 𝛾,

respectively, the exact form of which is given in Appendix B of the Supplementary Material. Let
S𝜻 𝑗 (𝜷, 𝛾, 𝜻) denote the derivative with respect to 𝜻 of the contribution of study 𝑗 in Equation (8).
Stacking these derivatives as

M 𝑗 (𝜷, 𝛾, 𝜻) =
⎡⎢⎢⎢⎢⎣

S𝐺
𝜷 𝑗

(𝜷, 𝛾, 𝜻)
𝑆𝐺𝛾 𝑗 (𝜷, 𝛾, 𝜻)
S𝜻 𝑗 (𝜷, 𝛾, 𝜻)

⎤⎥⎥⎥⎥⎦ , (13)

we define the ARGL parameter estimators 𝜷̃, 𝛾̃, and 𝜻̃ as the solution to the penalized estimating
equations

𝐽∑
𝑗=1

M 𝑗

(
𝜷̃, 𝛾̃, 𝜻̃

)
+ 𝑝′

(
𝜷̃, 𝛾̃, 𝜻̃

)
= 0, (14)

with 𝑝′ (𝜷, 𝛾, 𝜻) as defined in Equation (9).
For inference with the ARGL approach, we use cluster-robust variance estimators (CRVEs) that

have the same form as (11). Appendix B of the Supplementary Material provides further details. We
construct CIs for model parameters using Wald-type large-sample approximations, just as with the PML
estimators.

2.4.3. Prior penalties
For both estimation methods, we propose weak prior penalties for meta-analyses of standardized mean
difference effect sizes. These priors are selected to regularize outlying values without substantially
shifting the estimator in most datasets. To this end, we use L4-norm prior penalties for the mean
parameters 𝜷, given by

𝑝𝜷 (𝜷) = − 1
16

𝑥∑
𝑝=1

𝛽4
𝑝 . (15)

This prior penalty is depicted in Figure 2a. The penalty is nearly flat when |𝛽𝑝 |< 1, but becomes sharper
and more informative when | 𝛽𝑝 |> 2. It is strictly weaker than the penalty corresponding to a 𝑁 (0, 1)
prior when | 𝛽𝑝 |< 2.8. For the log of the heterogeneity parameter, we use

𝑝𝛾 (𝛾) =
1
2
𝛾 − 5 exp

(𝛾
2

)
, (16)

as depicted in Figure 2b. This penalty corresponds to putting a Γ(1, 1
5 ) prior on 𝜏, as used in past

work on priors for variance parameters in multilevel models.62 The penalty term reaches a maximum at
𝛾 = log(0.22) and remains weak for smaller degrees of heterogeneity; because of its asymmetric form,
it more heavily penalizes large values of 𝛾. For the log-scale selection parameters 𝜻 , we use L4-norm
prior penalties, given by

𝑝𝜻 (𝜻) = − 1
54

𝐻∑
ℎ=1

(
𝜁ℎ − log

(
1
2

))4
(17)
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Figure 2. Prior penalty functions for step-function model parameters.

and depicted in Figure 2c. This penalty is centered at a selection weight of 𝜆 = 1
2 so that it remains very

weak over the range of 𝜆 = 1
20 (strong selective reporting) to 𝜆 = 1 (no selective reporting), consistent

with the range of selective reporting observed in an empirical review of meta-analyses in psychology
and clinical medicine.65 It more heavily penalizes extremely strong selection levels (𝜆 < 1

50 ) and
selective reporting that strongly favors non-significant findings (𝜆 > 8).

It is important to recognize that these proposed priors for 𝜷 and 𝛾 are scale dependent. Consequently,
the proposed penalty terms will require adjustment when applied to other effect metrics, such as
correlations, raw mean differences, or log-odds ratios. A detailed review of methods for deriving priors
for random-effects model parameters is available elsewhere, with special attention to the connection
between the effect metric and the unit information standard deviation.66

2.5. Bootstrap inference

Sandwich estimators such as those in Equation (11) require a large number of independent clusters
(i.e., large 𝐽) to produce accurate assessments of uncertainty. We consider alternative inference
techniques based on bootstrapping, which might provide more accurate inference with a limited number
of clusters. Bootstrap techniques involve generating many new pseudo-samples of observations by
randomly perturbing the original sample, then re-calculating an estimator using each pseudo-sample.
The distribution of the estimator across pseudo-samples serves as a proxy for the actual sampling
distribution of the estimator, providing a basis for calculating standard errors and CIs.67

Many different bootstrap sampling schemes have been described that apply to different data
structures and require different assumptions.68 In order to fully capture the uncertainty of the parameter
estimates, it is crucial that the process used to generate pseudo-samples accounts for the dependence
structure of the observations. Techniques that do so include the non-parametric clustered bootstrap,
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two-stage bootstrap,69,70 and fractional random weight bootstrap.71 Here, we focus on the two-stage
bootstrap; details about other bootstrap techniques can be found in Appendix C.1 of the Supplementary
Material.

In the two-stage bootstrap, each pseudo-sample is generated by randomly drawing 𝐽 clusters of
observations with replacement from the original sample and then randomly re-sampling observations
with replacement from each selected cluster.70 This process amounts to simulating a set of weights. Let
𝑎 (𝑏)
𝑗 be a first-stage weight for cluster 𝑗 and 𝑎 (𝑏)

𝑖 𝑗 be the weight assigned to observation 𝑖 in cluster
𝑗 for pseudo-sample 𝑏. The two-stage bootstrap is equivalent to first drawing 𝑎 (𝑏)

1 , . . . , 𝑎 (𝑏)
𝐽 from

a multinomial distribution with 𝐽 trials and equal probability on each of 𝐽 categories, then drawing
𝑎 (𝑏)

1 𝑗 , . . . , 𝑎
(𝑏)
𝑘 𝑗 𝑗

from a multinomial distribution with 𝑎 (𝑏)
𝑗 × 𝑘 𝑗 trials and equal probability on each of 𝑘 𝑗

categories, for 𝑗 = 1, . . . , 𝐽.
For constructing CIs, bootstrapping entails generating a total of 𝐵 pseudo-samples, where 𝐵 is a large

number such as 1,999, and re-calculating the estimator for each pseudo-sample. There are several meth-
ods for constructing CIs from a bootstrap distribution. We consider four standard methods,68 including
the percentile CI, basic CI, studentized CI, and bias-corrected-and-accelerated CI.72 Appendix C.2 of
the Supplementary Material provides further details about the bootstrap CI calculations.

3. Empirical example

To demonstrate the proposed modeling strategy and examine potential differences between PML and
ARGL estimation methods, we re-analyzed the data from a meta-analysis reported by Carter et al.73

The original meta-analysis examined a large corpus of primary studies on the ego depletion effect,
which refers to the theory that an individual’s ability to exercise self-control diminishes with repeated
exertion.74 Carter et al. argued that the apparent strength of ego-depletion effects may be overstated
due to selective reporting. Their review included a variety of self-control manipulation tasks as well
as a range of outcomes. Effect sizes were measured as standardized mean differences, defined so that
positive effects correspond to depletion of self-control. Without adjustment for selective reporting, they
estimated an overall average effect of 0.43, with a 95% CI of [0.34, 0.52].73 However, more recent, pre-
registered replication studies aggregating samples collected across dozens of laboratories present a stark
contrast, finding average effects near zero75,76 or substantially smaller than in prior meta-analyses.77

This discrepancy highlights the importance of investigating selective reporting bias in meta-analytic
datasets.

To mitigate possible effects of selective reporting, Carter et al.’s review included many unpublished
studies, so that the full meta-analysis included 116 effects from 66 studies. For illustrative purposes, we
re-analyzed the findings from the subset of published studies only; we also excluded a single outlying
effect size estimate that was greater than 2. This analytic sample includes 68 effect size estimates from
45 distinct studies. Fourteen of the studies contributed two effects and three studies contributed four
effects each, leading to dependent effect sizes. We conducted the analyses using R Version 4.5.3.78

If selective reporting were not a concern, an analyst might summarize the distribution of ego
depletion effects with a CHE model, a flexible model that accounts for both correlated and hierarchical
dependent data structures.44 Based on a CHE model, the overall average effect estimate was 0.46, 95%
CI [0.34, 0.59]. Alternately, one could apply a CHE model with inverse sampling covariance weighting
(CHE-ISCW), which places relatively more weight on larger studies (those with smaller sampling
variances) and thus is less biased by selective reporting.50 Applying CHE-ISCW reduces the overall
effect estimate to 0.39, 95% CI [0.24, 0.54]. As a further point of comparison, we estimated the overall
average effect using the PET/PEESE regression adjustment,18 clustering the standard errors by study to
account for dependent effects. This yielded an overall average effect of −0.09, 95% CI [−0.76, 0.58].
The CHE and CHE-ISCW estimates are positive, statistically significant, and similar in magnitude. The
PET/PEESE estimate is negative and much smaller, indicating a pattern of small study effects.
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Table 1. Single-step and two-step selection model parameter estimates fit to ego depletion effects
data from Carter et al.73

PML estimator ARGL estimator

Parameter Estimate Cluster- Percentile Estimate Cluster- Percentile
(SE) robust CI bootstrap CI (SE) robust CI bootstrap CI

One-step
𝛽 0.25 (0.09) [0.07, 0.43] [0.05, 0.47] 0.27 (0.08) [0.11, 0.43] [0.11, 0.45]
𝜏2 0.10 (0.03) [0.06, 0.20] [0.03, 0.18] 0.11 (0.04) [0.05, 0.22] [0.02, 0.21]
𝜆1 0.27 (0.14) [0.10, 0.73] [0.07, 0.82] 0.30 (0.14) [0.12, 0.74] [0.07, 1.13]

Two-step
𝛽 0.23 (0.10) [0.04, 0.43] [0.02, 0.49] 0.25 (0.10) [0.07, 0.44] [0.03, 0.52]
𝜏2 0.11 (0.03) [0.06, 0.20] [0.03, 0.18] 0.11 (0.04) [0.06, 0.23] [0.02, 0.20]
𝜆1 0.27 (0.13) [0.10, 0.70] [0.08, 0.82] 0.29 (0.13) [0.12, 0.71] [0.08, 1.09]
𝜆2 0.23 (0.15) [0.06, 0.84] [0.06, 1.16] 0.26 (0.17) [0.07, 0.95] [0.04, 2.61]

Note: ARGL, augmented, reweighted Gaussian likelihood; PML, penalized maximum likelihood; CI, confidence interval; SE, standard error.

We used the selection_model() function from the metaselection package79 to fit a single-
step selection model with a threshold at 𝛼1 = 0.025 and a two-step model with thresholds at
𝛼1 = 0.025 and 𝛼2 = 0.5. For comparison purposes, we estimated model parameters using both PML
and ARGL and computed cluster-robust and percentile bootstrap CIs. For all estimators, we used the
weakly informative priors as described above. For bootstrapping, we used two-stage cluster bootstrap
re-sampling with 1,999 replicates.

Table 1 presents the parameter estimates from the one-step and two-step selection models. The
estimated selection parameters are similar across the one- and two-step models and across both
estimators, all indicating that non-significant or negative effect size estimates were less likely to be
reported than statistically significant, affirmative effects. The one-step and two-step selection model
estimates of average effect size are positive but substantially smaller than the CHE-ISCW estimates,
ranging from 0.23 to 0.27 depending on the model specification and estimation method. In contrast to
the PET/PEESE estimate, the PML estimates of the average effect size are positive and statistically
distinct from zero, along with a substantial amount of heterogeneity. Thus, an analyst would reach
different conclusions about overall average effect size depending on whether they use an unadjusted
summary model, a step-function model, or the PET/PEESE adjustment.iii

The estimates in Table 1 point toward some potential differences between estimation methods.
Generally, the PML and ARGL parameter estimates are similar in magnitude, but the CIs for the PML
estimator are narrower than those for the ARGL estimator. For the PML estimator, the bootstrap CIs are
similar or slightly wider than the cluster-robust CIs. For the two-step model, the cluster-robust standard
errors for the ARGL estimator are much larger than for the PML estimator; this is a consequence of
the small number of negative estimates in the dataset, which are very influential observations for the
ARGL estimating equations and thus lead to inflated uncertainty. These patterns suggest that there may
be differences in the performance of the estimators, as well as differences in performance between
the step-function estimators and alternative adjustment methods such as PET/PEESE. However, these
results are based on a single empirical dataset. To draw firmer conclusion about these methods, we
conducted simulations to evaluate their performance characteristics across a range of conditions.

4. Simulation methods

We conducted a Monte Carlo simulation study to examine the performance of the PML and ARGL
estimators for a step-function selection model with a single step, under a wide range of conditions
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where primary studies contribute multiple, statistically dependent effect size estimates. We examine two
distinct selection processes that differ in the extent to which they align with our focus on estimating the
marginal distribution of effects. First, we examine a univariate selection process where the probability
of selection depends only on the 𝑝-value of the individual effect size estimate, which fully aligns with
the marginal modeling approach. Second, we examine a more complex, multivariate selection process
in which the probability of selection is influenced by the significance of other outcomes in the same
study, a scenario where the marginal model is less well aligned.

We compared the performance of our novel estimators to two available alternatives: a summary
meta-analysis that addresses the dependency structure but does not correct for selective reporting
and the PET–PEESE adjustment.18 We evaluated the estimators in terms of convergence rates, bias,
accuracy, and CI coverage for recovering the average effect size prior to selective reporting. To
limit computational burden, we evaluated the performance of bootstrap CIs only for a subset of the
conditions.

We ran the simulation in R Version 4.5.378 using the high-throughput computing cluster at the
University of Wisconsin-Madison.82 The simulation code made use of several R packages, including
metafor,83 clubSandwich,84 simhelpers,85 optimx,86 nleqslv,87 and tidyverse.88

4.1. Data generation

We simulated meta-analyses based on a CHE working model in which effect size parameters vary both
between and within studies and effect size estimates within a given study have correlated sampling
errors. Individual effect size estimates are selected for inclusion based on a generalization of the step-
function selection model that encompasses both univariate and multivariate selection.

To generate each meta-analytic dataset, we first sampled effective sample sizesiv and numbers of
effects per study from an empirical distribution based on the What Works Clearinghouse database,
where study 𝑗 had an effective sample size of 𝑁 𝑗 and contributed 𝑘∗𝑗 ≥ 1 effect size estimates prior to
selective reporting. We then generated 𝑟 𝑗 , an outcome correlation for study 𝑗 , by drawing from a beta
distribution with mean 𝜌 and standard deviation 0.05. This approach produces a plausible dependence
structure in which all within-study correlations are positive, as when multiple outcomes measure the
same underlying construct or the same construct at different time points. For simplicity, we assumed a
constant correlation between pairs of outcomes within a primary study but allowed the correlation to
vary slightly from study to study.

We then simulated raw outcomes for each primary study. To do so, we first generated an average
effect size per study, 𝛿 𝑗 , from a normal distribution with mean 𝜇 and variance of 𝜏2

𝐵. Given 𝛿 𝑗 ,
we generated 𝑘∗𝑗 effect size parameters per study, 𝜹 𝑗 = (𝛿1 𝑗 , . . . , 𝛿𝑘∗𝑗 𝑗 )

′, drawing 𝛿𝑖 𝑗 from a normal
distribution with mean of 𝛿 𝑗 and variance of 𝜔2. We generated two-arm group comparisons with 𝑁 𝑗/2
participants per group groups, with individual outcome vectors simulated from multivariate normal
distributions as

Y𝑇
ℎ 𝑗 ∼ 𝑁

(
𝜹 𝑗 ,𝚿 𝑗

)
and Y𝐶

ℎ 𝑗 ∼ 𝑁
(
0,𝚿 𝑗

)
.

Here, Y𝑇
ℎ 𝑗 and Y𝐶

ℎ 𝑗 are 𝑘∗𝑗 × 1 vectors of outcomes for participant ℎ in the treatment or control group
of study 𝑗 and 𝚿 𝑗 is the covariance matrix for outcomes in study 𝑗 , with the diagonal elements equal
to 1 and off-diagonal elements equal to 𝑟 𝑗 .v From the raw outcome data, we calculated standardized
mean differences using Hedges’ 𝑔 bias correction for each of the correlated outcomes, yielding effect
size estimates 𝑦∗𝑖 𝑗 for 𝑖 = 1, . . . , 𝑘∗𝑗 and 𝑗 = 1, . . . , 𝐽∗. We calculated the sampling variances using
conventional formulas89 and computed one-sided 𝑝-values based on two-sample 𝑡-tests for the null of
𝐻0 : 𝛿𝑖 𝑗 ≤ 0.

After simulating results for study 𝑗 , we applied a generalized step-function selection model to
the individual effect size estimates, with a one-sided selection threshold at 𝛼1 = 0.025. Under the
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generalized model, the probability that a given effect is reported depends both on whether it is
affirmative (i.e., statistically significant and in the expected direction) and potentially on the number
of other affirmative results in the same study. Let 𝑠𝑖 𝑗 be an indicator equal to 1 if effect 𝑖 in study 𝑗 is
affirmative, 𝑠𝑖 𝑗 = 𝐼

(
𝑝𝑖 𝑗 ≤ 0.025

)
, and let 𝑘𝐴

𝑗 =
∑𝑘 𝑗

𝑖=1𝑠𝑖 𝑗 denote the number of affirmative effect size
estimates in study 𝑗 . We assume that effect size estimate 𝑖 in study 𝑗 is observed with probability 𝜋𝑖 𝑗 ,
where

𝜋𝑖 𝑗 = 𝑠𝑖 𝑗 +
(
1 − 𝑠𝑖 𝑗

) [
1 − exp

((
𝑘𝐴
𝑗 + 1

)𝜓
log (1 − 𝜆1)

)]
, (18)

for 𝜓 ≥ 0. When 𝜓 = 0, the probability that a non-affirmative result is reported depends only on its own
𝑝-value, so the selection process is univariate. When 𝜓 > 0, the probability that a non-affirmative result
is reported is affected by the number of affirmative results within the same study, with more affirmative
results leading to a higher probability that a non-affirmative result will also be reported. Under this
multivariate process, 𝜆1 can be interpreted as the probability that a non-affirmative result is reported
when there are no affirmative findings in the study (i.e., when 𝑘𝐴

𝑗 = 0).
We repeated the process of generating studies until the database included a total of 𝐽 studies with at

least one observed result, where observed study 𝑗 includes 𝑘 𝑗 effect size estimates for 1 ≤ 𝑘 𝑗 ≤ 𝑘∗𝑗 .

4.2. Estimation methods

We estimated step-function selection models with a single step at 𝛼1 = 0.025, so that the assumed
marginal selection process is aligned with the actual selective reporting process when 𝜓 = 0. We
estimated PML and ARGL estimators and calculated cluster-robust CIs as described in Section 2.4.
For comparison purposes, we also computed model-based CIs constructed using the inverse Hessian
matrix of the PML estimator, which do not account for the dependence structure of the data; therefore,
we expect that they would have coverage levels below the nominal level. For a subset of simulation
conditions, we examined percentile, basic, studentized, and bias-corrected-and-accelerated bootstrap
CIs based on the non-parametric two-stage bootstrap, clustered bootstrap, and fractional random weight
bootstrap as described in Appendix C of the Supplementary Material.

We compared the step-function PML and ARGL estimators to two alternative methods. First,
we estimated a summary meta-analysis model without any correction for selective reporting, using
the CHE-ISCW working model to account for effect size dependency.50 We estimated the variance
components using restricted maximum likelihood and assumed a sampling correlation of 0.8 for
all pairs of effect size estimates from the same study, which leads to a degree of mis-specification
when the average correlation used in the data-generating process differs from 0.80. This assumption
aligns with the default correlation structure used by robumeta,90 a widely used R package for meta-
analysis with RVE. Second, we implemented a variation of the PET/PEESE estimator, adapted to
accommodate dependent effect sizes.vi We combined the estimators by using PEESE if the PET
estimator is statistically distinct from zero at an 𝛼-level of 0.10, and otherwise using PET.18 For the
PET/PEESE and CHE-ISCW estimators, we calculated CIs using cluster-robust variance estimation
with the CR2 small-sample correction and Satterthwaite degrees of freedom.50

4.3. Experimental design

Table 2 summarizes the experimental design for this study. Manipulated parameters included the
number of observed studies (𝐽), primary study sample size distribution, overall average standardized
mean difference (𝜇), between-study heterogeneity (𝜏𝐵), within-study heterogeneity ratio (𝜔2/𝜏2

𝐵),
average correlation between outcomes (𝜌), dependence of the selection process (𝜓), and probability
of selection for non-affirmative results (𝜆1).

We examined a wide range of conditions for the number of primary studies included in the meta-
analysis, ranging from relatively small databases of 𝐽 = 15 to very large databases with 𝐽 = 120 studies.
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Table 2. Parameter values examined in the simulation study.

Parameter Full simulation Bootstrap simulation

Number of observed studies (𝐽) 15, 30, 60, 90, 120 15, 30, 60
Primary study sample size Typical, small Typical, small
Overall average SMD (𝜇) 0.0, 0.2, 0.4, 0.8 0.0, 0.2, 0.4, 0.8
Between-study heterogeneity (𝜏𝐵) 0.05, 0.15, 0.30, 0.45 0.05, 0.15, 0.45
Heterogeneity ratio (𝜔2/𝜏2

𝐵) 0.0, 0.5 0.0, 0.5
Average correlation between outcomes (𝜌) 0.40, 0.80 0.80
Dependence of the selection process (𝜓) 0, 1 0, 1
Probability of selection for non-affirmative

effects (𝜆1)
0.02, 0.05, 0.10, 0.20,

0.50, 1.0
0.05, 0.20, 1.0

We chose these values to cover the conditions found in real meta-analyses of education and psychology
research.34,36

We manipulated the primary study sample size while varying the number of effect sizes per study
(𝑘 𝑗 ) based on an empirical distribution. For the typical primary study sample sizes, we used the
empirical distribution of effective sample sizes in the What Works Clearinghouse database of findings
from educational intervention studies. These sample sizes ranged from 37 to 2,295 with a median of 211
(IQR 79–731). Within these conditions, we also drew 𝑘 𝑗 from the same database, where the number of
effect sizes per study ranged from 1 to 48 with a median of 3 (IQR 2–6). To explore the influence of the
effective sample size distribution, we also ran conditions in which we divided the sample sizes from the
What Works Clearinghouse database by three to represent primary studies with smaller sample sizes,
such as those used in psychology laboratory studies.

We examined values for the overall average SMD (𝜇) ranging from 0.0 to 0.80, which covers the
range of effects observed in a review of 747 randomized control trials of education interventions.92

We used values of 𝜏 ranging from 0.05 (a small degree of heterogeneity) to 0.45 (a large degree of
heterogeneity). We specified the degree of within-study heterogeneity in relative terms, by setting
the ratio within-study heterogeneity to between-study heterogeneity at either 0 (i.e., no within-study
heterogeneity) or 0.5. For the average correlation between outcomes from the same study, we examined
the values of 0.40 or 0.80. The default value of the average correlation in software packages that
implement RVE is 0.80. Thus, in conditions where 𝜌 is 0.80, the working model used in CHE-ISCW and
PET/PEESE is approximately correctly specified. We included conditions where 𝜌 = 0.4 to examine
performance when this working model is not correctly specified.

We considered two conditions for the selective reporting process. First, we examined conditions
with 𝜓 = 0 so that the selection process was univariate, depending only on the one-sided 𝑝-value of
each effect. Second, we examined conditions with 𝜓 = 1, a multivariate selection process where the
selection probability for a non-affirmative result depends on the number of affirmative results obtained
in the same study. For both processes, we examined a wide range of values for the base probability of
selection for non-affirmative effect sizes, ranging from no selective reporting (𝜆1 = 1) to very severe
selective reporting (𝜆1 = 0.02).

Parameters were fully crossed for a total of 5 × 2 × 4 × 4 × 2 × 2 × 2 × 6 = 7, 680 conditions
in the full simulation study. Due to the computational demands of bootstrapping, we focused the
bootstrap simulations on conditions with fewer studies per meta-analysis, for which we expected
large-sample cluster-robust CIs to be relatively less effective. We also reduced the number of
parameter values for factors where we did not observe much variation in results in the full sim-
ulation (e.g., excluding 𝜏 = 0.15). This resulted in 3 × 2 × 4 × 3 × 2 × 1 × 2 × 3 = 864
conditions for the bootstrap simulations. For each condition, we generated 2,400 replications. This
number of replications was chosen to ensure adequate precision; specifically, with 2,400 replications,
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the expected Monte Carlo standard error for a 95% CI coverage rate is approximately 0.004,
and even in the most conservative case (coverage of 50%), the standard error remains below
0.01.

4.4. Performance criteria

We evaluated the performance of these methods in terms of convergence rates, bias, root mean-squared
error (RMSE), CI coverage, and CI width for the overall average effect size 𝜇. The PML estimator did
not converge for every replication. To compute performance measures for this estimator, we substituted
results for the ARGL estimator for replications where the PML estimator did not converge, so that
performance of all methods was measured across the same set of replications.93

For CIs based on cluster-robust variance estimation, we calculated coverage rates as the proportion
of simulated intervals that included the true parameter. For bootstrap CIs, estimation of coverage rates
is complicated by the fact that coverage is affected by the number of bootstrap replications. To mitigate
computational demand, we used 𝐵 = 399 although this is far fewer bootstraps per replication than
recommended for analysis of real data. To estimate coverage rates for CIs as would be used in practice,
we used an extrapolation technique.94 For each replication, we computed bootstrap CIs not only for
𝐵 = 399, but also for 𝐵 = 49, 99, 199, and 299 bootstraps, randomly selected without replacement. We
computed coverage rates separately for each value of 𝐵, fit a linear regression of the coverage rate on
1/𝐵, and then used this regression to predict the coverage rate of CIs based on 𝐵 = 1, 999 bootstraps.
Appendix C.3 of the Supplementary Material provides further details and demonstrates the performance
of the extrapolation technique.

5. Simulation results

We organize our presentation of simulation results by first considering the properties of point estimators
for the average effect size. For this parameter, we compare the bias and accuracy of the PML and
ARGL estimators to that of the CHE-ISCW estimator and the PET/PEESE estimator. We then examine
the calibration and width of cluster-robust and bootstrap CIs based on the PML and ARGL estimators.
Appendix E of the Supplementary Material includes additional results regarding the bias and accuracy
of estimators of the marginal variance of the effect size distribution; Appendix F of the Supplementary
Material has additional results on the performance of the PML and ARGL estimators for the selection
parameter.

5.1. Convergence

The CHE-ISCW and PET/PEESE estimators produced results for every replication in every condition.
The PML and ARGL estimators for the step-function selection model had very high convergence
rates across most conditions. For the PML estimator, convergence exceeded 98% in 7,191 out of
7,680) conditions in the full simulation, but fell below 98% under conditions with the lowest degree
of heterogeneity (𝜏 = 0.05), with the lowest convergence rate of 92.7%. For the ARGL estimator,
convergence was 100% across all conditions. Figure D1 in the Supplementary Material depicts the
range of convergence rates of the PML estimator. For purposes of computing further performance
measures, we substituted results for the ARGL estimator for replications where the PML estimator did
not converge.

5.2. Bias

Figure 3 depicts the bias of each estimator of average effect size (represented on the vertical axis of each
plot) as a function of the strength of selective reporting (horizontal axis), average effect size parameter
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Figure 3. Bias for estimators of average effect size by selection probability, average SMD, and between-study heterogeneity across scenarios with a
univariate selection process (𝜓 = 0) .
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(varying by grid column), and between-study heterogeneity (𝜏𝐵, varying by grid row) across scenarios
with a univariate selection process (𝜓 = 0). The box plot for each estimator depicts variation in bias
over the remaining factors in the simulation design, which include the heterogeneity ratio, correlation
between effect size estimates, number of observed studies, and primary study sample size distribution.
Note that the range of the vertical axis differs by grid row because the bias of some estimators is
strongly influenced by the degree of heterogeneity. Following the same construction, Figure D2 in the
Supplementary Material depicts the bias of the estimators across scenarios with a multivariate selection
process (𝜓 = 1).

Under the univariate selection process, bias is generally lower for the PML and ARGL estimators
than for the comparison methods across all conditions, and markedly so when the between-study
heterogeneity and strength of selection are not extreme (𝜏 ≤ 0.3, 𝜆1 ≥ 0.05). The maximum absolute
bias reaches 0.28 for PML and 0.27 for ARGL; these are not trivial biases but are still substantially
lower than the bias of the comparison methods under the same conditions. The maximum bias occurs
for both estimators when selective reporting is extreme, average effect size is zero, and heterogeneity is
very high. For both the PML and ARGL estimators, bias above 0.10 occurs only under conditions with a
small number of primary studies, very strong selection (𝜆1 < 0.05), and high heterogeneity (𝜏 ≥ 0.30).
Figure D3 in the Supplementary Material provides greater detail about the bias under these conditions,
showing that substantial degrees of bias are almost entirely confined to conditions with the smallest
number of primary studies (𝐽 = 15) and most extreme level of selection (𝜆1 = 0.02). These conditions
are ones where the prior penalties are relatively more influential, leading to bias when the sample size
is small that disappears as sample size increases and the composite likelihood begins to dominate the
prior.

There is a performance trade-off between the two estimators of the step-function selection model:
Bias is lower for the ARGL estimator than the PML estimator when 𝜇 = 0.0 but higher when (𝜇 ≥ 0.2).
For both estimators, bias decreases as the average effect increases, as heterogeneity decreases, and
as the probability of selection increases toward 1. Of course, the assumptions of the selection model
on which the estimators are based align with the univariate selection process used to generate the
data, which contributes to their strong performance relative to the comparison methods. However,
a very similar pattern holds under the multivariate selection process (Figures D2 and D4 in the
Supplementary Material), where the PML and ARGL estimators still show substantially lower bias
than the comparison methods, and consistently low bias except under extreme selective reporting and
very large heterogeneity.

In contrast to the estimators based on the marginal selection model, the CHE-ISCW and PET/PEESE
estimators are systematically biased under many conditions. The CHE-ISCW estimator, which does not
directly adjust for selective reporting, is systematically biased under both the univariate and multivariate
selection processes across all conditions with non-null selection. When average effect size is large
(𝜇 = 0.8), its bias remains quite small even when selective reporting is very strong. This result is not
surprising because the large average effect size and low heterogeneity mean that the vast majority of
results are statistically significant, leaving little opportunity for censoring of non-significant results.
However, the bias of CHE-ISCW grows stronger when selection is stronger (lower 𝜆1), when average
effect size is smaller, and when heterogeneity is larger; its bias can exceed 0.50 when 𝜇 = 0, 𝜏 = 0.45,
and 𝜆1 = 0.02.

Although the PET/PEESE estimator uses a regression adjustment to account for possible selective
reporting, it too becomes severely biased when selective reporting is strong. For smaller values of
average effect size (𝜇 ≤ 0.2), the bias of PET/PEESE tracks the bias of the CHE-ISCW estimator
but is somewhat less pronounced. Its bias grows larger (and closer to that of CHE-ISCW) for smaller
values of average effect size and higher levels of heterogeneity. For large average effect size (𝜇 = 0.8),
the PET/PEESE estimator is negatively biased, systematically under-estimating the average effect
size—especially at high levels of heterogeneity. These patterns are consistent across the univariate and
multivariate selection processes.
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5.3. Root mean-squared error

RMSE combines both bias and variability into an overall measure of inaccuracy. Figure 4 depicts the
RMSE of each estimator of average effect size across scenarios with a univariate selection process;
Figure D5 in the Supplementary Material depicts the corresponding RMSE values across scenarios
with a multivariate selection process. Figures D6 through D10 in Appendix D of the Supplementary
Material provide greater detail about the relative accuracy of the four methods by plotting the ratio of
RMSEs for each pair of methods while distinguishing between the univariate and multivariate selection
processes. These figures illustrate several patterns.

First, across most data-generating conditions, the ARGL estimator has higher RMSE than the PML
estimator. As evident in Figure D6 in the Supplementary Material, the RMSE ratio comparing ARGL to
PML is greater than one across most conditions examined. Averaging across all conditions, the RMSE
of ARGL is approximately 6% larger than that of PML. The ARGL estimator has lower RMSE only
under conditions of higher heterogeneity and larger average effect size. Thus, the PML estimator will
generally be preferred to the ARGL estimator.

Second, considering both the selection model estimators and comparison methods, no single method
achieves the lowest RMSE uniformly across all conditions examined. Instead, all methods face bias–
variance trade-offs. Under conditions with small or moderate average effect size and moderate or
strong selection, the selection model estimators generally have lower RMSE than the CHE-ISCW and
PET/PEESE estimators. The PML estimator has lower RMSE than CHE-ISCW under most conditions
where selective reporting creates meaningful bias—specifically, for 𝜆1 <= 0.2 and 𝜇 ≤ 0.2 (Figure
D7 in the Supplementary Material). However, as would be expected, CHE-ISCW is more efficient than
the PML estimator when selective reporting is absent; on average across conditions where 𝜆1 = 1, its
RMSE is 82% that of PML. The relative accuracy of the ARGL estimator versus CHE-ISCW follows
a similar pattern (Figure D8 in the Supplementary Material).

Third, the PML estimator also has lower RMSE than PET/PEESE under conditions where selective
reporting creates meaningful bias, although it is not uniformly more accurate than PET/PEESE (Figure
D9 in the Supplementary Material). Instead, PET/PEESE is more accurate under some conditions
involving moderate or large effect size (𝜇 ≥ 0.4) and varying degrees of between-study heterogeneity,
which correspond to conditions where the bias of PET/PEESE is small. Under other conditions,
PET/PEESE is much less accurate than the PML estimator, with RMSE ratios that sometimes exceed a
factor of 2. The relative accuracy is consistent across the univariate and multivariate selection processes,
but it is difficult to characterize because it follows a non-linear pattern involving interactions among
the remaining data-generating parameters. Averaging across all conditions, the RMSE of PET/PEESE
is approximately 39% larger than that of PML. The pattern of relative accuracy is very similar for the
ARGL estimator (Figure D10 in the Supplementary Material).

5.4. Confidence interval coverage

Figure 5 shows the coverage rates of 95% CIs based on large-sample CRVEs for the CHE-ISCW,
PET/PEESE, PML, and ARGL estimators under the univariate selection process.vii Figure D11 in
the Supplementary Material depicts the coverage rates of the same estimators under the multivariate
selection process. Coverage rates are below the nominal rate of 0.95 for all methods across most
conditions. The PML and ARGL estimators have higher coverage rates than the comparison methods
under many conditions—particularly those with higher between-study heterogeneity. Between the two
selection model estimators, coverage rates are generally higher for the PML estimator than the ARGL
estimator, although neither consistently achieves the nominal rate.viii Under the univariate selection
process, intervals based on the PML and ARGL estimators have coverage levels that improve toward
0.95 as the number of studies increases, but are often still unacceptably low even when 𝐽 is 90 or greater.
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Figure 4. Root mean-squared error for estimators of average effect size by selection probability, average SMD, and between-study heterogeneity across
scenarios with a univariate selection process (𝜓 = 0) .
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Figure 5. Coverage levels of confidence intervals for average effect size based on cluster-robust variance approximations, by number of studies, average
SMD, and between-study heterogeneity across scenarios with a univariate selection process (𝜓 = 0). Dashed lines correspond to the nominal confidence
level of 0.95. Coverage rates of the CHE-ISCW and PET/PEESE intervals are not depicted when they fall below 0.5.
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Intervals based on CHE-ISCW and PET/PEESE are often wildly mis-calibrated and, unlike the
PML and ARGL intervals, do not improve for larger sample sizes. Under conditions where CHE-
ISCW and PET/PEESE are biased by selective reporting, their CIs do not center on the true parameter.
Consequently, as the number of studies increases, the standard error of the estimators decreases (as does
the width of CIs) and their coverage rates degrade toward zero.ix

Under the multivariate selection process (Figure D11 in the Supplementary Material), coverage rates
of all methods are still consistently below nominal across most conditions, and the CHE-ISCW and
PET/PEESE intervals follow the same patterns as under the independent selection process. However,
coverage levels of cluster-robust CIs for the PML and ARGL estimators tend to be worse than under
the independent selection process. Particularly under conditions where average effects are small, their
coverage rates are unacceptably low even when the number of studies exceeds 𝐽 = 90.

Bootstrap intervals for the step-function model provide more accurate coverage levels. Due to
the computational demands of bootstrapping, we evaluated the bootstrap CIs under a more limited
range of data-generating conditions, with a maximum sample size of 𝐽 = 60. Figure 6 depicts the
coverage levels of CIs based on the PML estimator under the univariate selection process, including
intervals based on large-sample cluster-robust variance methods and percentile intervals using either
two-stage, multinomial, or exponential (fractional reweighted) bootstrap resampling.x Figure D15 in
the Supplementary Material shows the coverage levels of the same interval estimators under the
multivariate selection process.

Although none of the intervals provide exactly nominal coverage under univariate selection, the
percentile intervals based on two-stage or multinomial bootstrap resampling have coverage that is
closer to nominal than the intervals based on CRVE. The percentile intervals with two-stage clustered
bootstrap re-sampling provide the best coverage levels, achieving or exceeding 90% coverage when
selection is moderate (𝜆1 ≥ 0.2), even with only 𝐽 = 15 primary studies per meta-analysis. When
selection is strong (𝜆1 = 0.05) and sample size is small (𝐽 = 15), coverage levels are poor under
some conditions, but improve as the number of studies per meta-analysis increases to 𝐽 = 30 or
above. Broadly similar patterns hold under the multivariate selection process (Figure D15 in the
Supplementary Material), with the two-stage bootstrap percentile intervals achieving coverage levels
that are closer to nominal than all other methods. Coverage levels of intervals based on the ARGL
estimator follow very similar patterns to those for the PML estimator (Figures D22–D29 in the
Supplementary Material).

5.5. Confidence interval width

Figure 7 shows the average widths of 95% CIs for selected estimators under the univariate selection
process; Figure D30 in the Supplementary Material shows corresponding results under the multivariate
selection process. For the PML estimator, we depict the width of the percentile CIs based on the two-
stage bootstrap because these intervals have coverage levels that are generally closest to the nominal
level. For comparison purposes, we include the widths of CRVE-based intervals for the CHE-ISCW
and PET/PEESE estimators, even though these have coverage levels that are often unacceptably low.

The average width of all the intervals is strongly affected by the degree of heterogeneity. The
percentile bootstrap intervals and CRVE intervals based on the PML estimator tend to be somewhat
wider than the CHE-ISCW intervals, as would be expected due to the greater complexity of the selection
model. However, the percentile bootstrap intervals are only moderately wider than the CHE-ISCW
intervals; on average across conditions for which we computed bootstrap CIs, the percentile bootstrap
intervals have average width that is 8% larger than the average width of the CRVE intervals for CHE-
ISCW under the univariate selection process (4% larger under the multivariate selection process). The
CRVE intervals for PET/PEESE are often markedly wider than those of the other methods, especially
for smaller sample sizes (𝐽 ≤ 30). On average, across the conditions for which we computed bootstrap
CIs, the percentile bootstrap intervals have average width that is 19% smaller than the average width
of the PET/PEESE intervals under the univariate selection process (23% smaller under the multivariate
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Figure 6. Coverage levels of confidence intervals for average effect size based on the PML estimator, by number of studies, average SMD, and strength
of selection across scenarios with a univariate selection process (𝜓 = 0). Dashed lines correspond to the nominal confidence level of 0.95.
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Figure 7. Average width of confidence intervals for average effect size based on selected methods, by number of studies, average SMD, and between-
study heterogeneity across scenarios with a univariate selection process (𝜓 = 0). Results are limited to scenarios with 𝜌 = 0.8 and 𝜆1 = 0.05, 0.20, 1.0 to
allow comparison between bootstrap CIs and large-sample CIs.
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selection process). Considering that intervals based on the CHE-ISCW and PET/PEESE estimators
often badly mis-calibrated coverage, the average widths of the percentile bootstrap intervals based on
the PML estimator do not appear to be excessive.

6. Discussion

We have described and evaluated several methods for estimating step-function selection models
while accounting for dependent effect sizes, a common feature of meta-analyses in many fields. We
focused on the step-function selection model because it offers a number of advantages over other
available methods for diagnosing and correcting selective reporting bias. First, step-function models
are generative, in that they include parameters describing the selective reporting process under simple
yet plausible forms of selection connected to statistical significance. In contrast, regression-based
estimators such as PET/PEESE18 or the endogenous kink meta-regression19 are agnostic as to selection
mechanisms and thus are only indirectly informative about the strength or form of selection. The
step-function model also embeds a familiar evidence-generating model that allows for heterogeneity
of effects through inclusion of random effects and predictors of average effect size (i.e., meta-
regression).24 In contrast, well-known methods such as trim-and-fill17,95 and more recent proposals
such as 𝑝-curve96 and 𝑝-uniform97,98 are not as flexible and have been found to perform poorly when
effects are heterogeneous.28

We treated the step-function model as a description of the marginal distribution of the effect size
estimates, ignoring the dependence structure for purposes of estimating the model but accounting for
it when assessing uncertainty in the parameter estimates. This strategy is appealing for its feasibility
and because it connects to a univariate selection process in which each individual effect size is selected
on the basis of its statistical significance. Our simulations also examined the performance of marginal
selection models under a more complicated, multivariate selection process in which the probability
that a non-significant result is reported depends on the number of significant results in the same study.
We also studied two estimation methods, PML estimation and ARGL estimation, and two inference
strategies, based on either cluster-robust sandwich estimators or clustered bootstrap resampling.

Our simulations examined how well these estimators and inference techniques perform for recover-
ing the average effect size under a selection process with a single step (at 𝛼1 = 0.025), compared to an
estimator that accounts for dependence but not selection (i.e., the CHE-ISCW model) and to a variant
of PET/PEESE that uses cluster-robust variance estimation. Across a broad range of conditions, we
found that both estimators of the marginal step-function model consistently outperform PET/PEESE
and CHE-ISCW under conditions with meaningful selective reporting and show little bias except in
datasets with few studies, high heterogeneity, and very strong selective reporting.xi However, all the
estimators face bias–variance trade-offs, which arise because the CHE-ISCW estimator (which does
not directly adjust for selection) is substantially biased by selective reporting, whereas the PML and
ARGL estimators have at most small biases. Under conditions where selection is absent or small and
where average effect size is larger, the CHE-ISCW estimator has greater precision than the estimators
that adjust for selective reporting. Because selective reporting does not create much bias under such
conditions, the additional variability that comes with estimating a selection model or PET/PEESE
adjustment dominates the small reduction in bias that these methods provide. As a result, the step-
function estimators are less accurate than the CHE-ISCW estimator under conditions where selective
reporting is not strong or does not create meaningful bias.

The simulation results also demonstrated that the marginal step-function model estimators have more
accurate and more consistent CI coverage compared to the other methods, with coverage rates of the
two-stage bootstrapped percentile CIs approaching the nominal level of 0.95 for moderate sample sizes.
Compared to the ARGL estimator, the PML estimator of the marginal mean is usually more accurate and
has CI coverage rates closer to nominal levels, although differences are fairly small. PML consistently
outperforms ARGL for estimating between-study heterogeneity and the strength of selective reporting.
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6.1. Limitations and future directions

Our approach of modeling the marginal distribution of effect sizes was motivated by the computational
tractability of marginal models and by findings from prior simulations showing that univariate selection
models perform well relative to alternative regression-based models to adjust for selective reporting
bias.50 However, this approach has several conceptual limitations that are important to note. First,
such models do not reflect the structure of dependence among effect size estimates drawn from the
same sample, but instead describe only the overall average and overall degree of heterogeneity of
the effect size distribution. Because of this, they do not fully align with contemporary approaches
for meta-analysis, which emphasize modeling the correlational and hierarchical structure of dependent
effect sizes.40,44 Marginal modeling strategies may also be misaligned for syntheses of some types of
primary studies, such as factorial designs, where the selection process might hinge on the statistical
significance of one contrast among the effects (e.g., an interaction effect) rather than on all the
individual effect size estimates. In further developing marginal step-function models, it would be useful
to allow for more flexibility by, for instance, letting the heterogeneity parameter vary as a function of
covariates as in location-scale models99 or allowing for the strength of selection to vary based on study
characteristics.100

Second, the marginal model does not distinguish between study-level publication bias and effect-
level selective outcome reporting. This strategy therefore precludes examination of some more nuanced
forms of selection, such as the multivariate selection process we examined in the simulations or other
selection processes in which the probability that a result is reported depends on some other feature of
the study’s results.51

Third, focusing on the marginal distribution likely entails some loss of precision in parameter
estimates. Further adapting the estimation methods to account for dependent effects, such as by refining
the analytic weights, might improve the precision of the estimators.

Fourth, our marginal modeling approach could be sensitive to informative cluster sizes, which occur
when the number of effect sizes per study is correlated with the magnitude of the underlying effects.
Because our strategy treats each effect size as a marginal observation, studies that contribute a large
number of effects carry more weight in the estimation of the average effect size than studies with
fewer effects. Although cluster-robust variance estimation handles the dependency for the purpose of
CI coverage, it does not necessarily correct for the potential bias in point estimates if larger clusters are
systematically different from smaller ones.52 Further research should investigate how these weighting
dynamics interact with different selective reporting mechanisms.

Another direction for further exploration is to consider how the marginal step-function model
could be incorporated into an ensemble estimator. Methodological work on publication bias in
univariate meta-analysis has combined step-function selection models with PET/PEESE regression
adjustments and summary (unadjusted) meta-analysis models via Bayesian model averaging.101 Recent
extensions allow for hierarchical dependence structures to be incorporated, although the models are
computationally demanding and do not accommodate fully multivariate dependence.52 It could be
useful to further extend such ensemble techniques to include marginal step-function models or other
forms of selection model.

In addition to conceptual limitations, the simulation study’s findings also need to be interpreted
cautiously in light of its scope limitations. First, although the simulations covered a wide range of
plausible conditions, the results are generalizable only to the data-generating process examined. Of
particular note, we generated data following a CHE effects model with primary study sample sizes
and the number of effect sizes per study drawn from an empirical distribution of educational research
studies. The performance of the step-function selection models and alternative selective reporting
adjustments could change based on features of studies included in the synthesis, such as studies drawn
from research areas that use smaller or larger samples or that tend to assess a smaller or larger number of
outcomes. Likewise, there remains a need to investigate the robustness of the models to other evidence-
generating processes, such as non-normal random-effects distributions.102
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Second, the simulations examined a univariate selection process that was closely aligned with the
assumed step-function model and a multivariate selection process that, while not fully aligned, was still
defined by a step function in the one-sided p-value with a threshold at 𝛼1 = 0.025. Further research
is needed to evaluate the robustness of marginal selection models under a more diverse range of
selection processes, such as the recently introduced multivariate study-level publication bias model.51

An outstanding challenge in pursuing this further is the need to identify plausible alternative selection
mechanisms that can be applied to studies reporting multiple outcomes. Other simulations have shown
that a one-step model can be more accurate than a more complex two-step model, even when the true
data-generating process aligns with the latter model.50 It may require a large number of primary studies
to feasibly estimate models that include multiple steps in the selection function. Nonetheless, there may
be meta-analytic datasets where a more complex set of steps is more appropriate, such as when the data
include a substantial number of negative effect size estimates.

Third and related to the previous point, the simulations were limited to evidence-generating
processes that did not involve systematic predictors of the effect size distribution and where the strength
of selective reporting was uniform and solely dependent on the 𝑝-value of each individual effect size.
Other factors besides statistical significance of findings might affect a study’s publication status. For
instance, results from pre-registered replication studies might be insulated from selective reporting or
subject to different reporting pressures than other forms of primary research.103 Further evaluation of
the PML and ARGL estimators is warranted to assess their performance in models involving moderators
and their robustness to other selection mechanisms.

Fourth and finally, the simulation findings we have reported here focused mostly on the performance
of the estimators and CIs for the overall average effect size, heterogeneity parameter, and selection
parameter. We have not directly evaluated how well the estimators work as diagnostic tests for the
presence of selective reporting of study results, although the below-nominal coverage rates of CIs for
the selection parameter suggest that they may not work well diagnostically. In univariate random-effects
models, likelihood ratio tests based on step-function selection models have much stronger power for
detecting selective reporting compared to alternatives such as Egger’s regression test.91 Extension of
such tests for meta-analyses of dependent effects requires further development.

In light of these limitations, we view the simulations that we have presented here as consistent with
Phase II or early Phase III methodological research based on the schema proposed by Heinze et al.104

Further research is needed to evaluate the robustness of the PML and ARGL estimators under a broader
range of conditions and research contexts, including under other publication bias and selective outcome
reporting mechanisms that are less aligned with the assumptions of the step-function selection process.

6.2. Conclusions

Selective reporting of affirmative, statistically significant findings in primary studies can potentially
distort the results of meta-analyses. Detecting and adjusting for this form of bias is notoriously
challenging—even in the simple setting where each sample contributes no more than a single effect
size estimate. These challenges are amplified with more complex data structures where the same study
contributes multiple dependent effects. Nonetheless, meta-analysts must critically evaluate the evidence
summarized in a synthesis, and this includes weighing the potential for bias from selective reporting
and selective publication of primary study findings.

Based on the simulation results we have presented, we recommend using marginal step-function
selection models as a tool to assess selective reporting bias in syntheses of dependent effect sizes,
possibly alongside other analytic approaches. We recommend using PML estimation with two-stage
clustered bootstrap CIs for inference, with the caveat that 𝐽 = 30 or more studies may be needed
for estimators to have low bias even under high levels of selection and for bootstrap CIs to provide
close-to-nominal coverage. Our findings suggest that the protection against systematic bias provided
by step-function selection models outweighs the potential loss in efficiency compared to unadjusted
estimates, particularly because the latter can be severely misleading when selective reporting is present.
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As a parametric model built on specific assumptions about the selection process, the marginal step-
function selection model provides a useful and complementary alternative to more agnostic techniques
for identifying small-study effects, such as funnel plots and regression adjustment methods, the bias
and accuracy of which are quite variable across data-generating processes. Likewise, estimated step-
function models could inform the use of sensitivity analysis46 by using estimates of the strength of
selection to guide assumptions about the maximal plausible degree of selection.

Consistent with recommendations from past work in the context of independent effect sizes,28,31

interpretation of any bias-corrected effect estimates needs to give consideration to the conditions under
which the method could be expected to perform well. Interpretation of marginal step-function selection
models should focus mostly on the bias-adjusted average effect size, and selection parameter estimates
should be interpreted cautiously in light of the mis-calibrated coverage levels of cluster bootstrapped
CIs. More broadly, when applying and interpreting step-function models, meta-analysts must consider
the context of the evidence included in the synthesis, such as whether the effect size estimates are
for focal results or merely incidental findings and whether studies were conducted under conditions
where pressures to selectively reporting findings are present. As with inferences from any model, one’s
conclusions should be informed not only by the statistical results but also by knowledge of the research
context.
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Endnotes
i For one exception, recent work developed a multivariate publication bias model in which full studies are published or censored

on the basis of whether a set of multiple effects are all statistically significant.51
ii We use * to signify variables in the evidence-generating process that might or might not be observed. Variables without * are

the corresponding observed quantities.
iii The estimates from both step-function models suggest that the distribution of ego depletion effects is positive but heterogeneous,

which seems inconsistent with the findings of more recent multi-lab registered replications.75–77 This discrepancy could be
because of remaining biases in how the primary studies are reported, such as forms of p-hacking for which our selection model
cannot fully correct.80 Alternately, it may be because the multi-lab replications focus on a narrow set of ego-depletion inductions
and outcome measures than those represented in the meta-analysis.81

iv For studies that involved cluster-level treatment assignment, we computed effective sample sizes that account for the nesting of
observations within clusters rather than using the raw participant-level sample sizes.

v The structure of 𝚿 𝑗 is plausible for meta-analyses with dependent effects and simplifies the data-generating process. The
assumption of a unit sampling variance is a standard practice when simulating data for standardized effect sizes like Hedges’ 𝑔
because it does not affect the distribution of generated effect size estimates.

vi The PET estimator is based on the working model

𝑇𝑖 𝑗 = 𝜇 + 𝛽 × 2√
𝑁 𝑗

+ 𝑒𝑖 𝑗 . (19)

The PEESE estimator is similar, but uses the sampling variance instead of the sampling standard error:

𝑇𝑖 𝑗 = 𝜇 + 𝛽 × 4
𝑁 𝑗

+ 𝑒𝑖 𝑗 . (20)

We use functions of the sample size (𝑁 𝑗 ) in place of the standard error or variance. This approach addresses the fact that for
many effect size metrics, such as Hedges’ 𝑔, the sampling variance is functionally related to the effect size estimate itself, which
introduces artificial correlation between the estimates and their standard errors.91 For both estimating equations, sampling errors
are assumed to have fixed variances Var

(
𝑒𝑖 𝑗

)
= 𝜎2

𝑖 𝑗 and constant sampling correlation within studies, cor
(
𝑒ℎ 𝑗 , 𝑒𝑖 𝑗

)
= 𝜌.50

vii To provide greater detail, the vertical axis of Figure 5 is limited to the range [0.5, 1.0], and coverage rates of the CHE-ISCW
and PET/PEESE intervals are not depicted when they fall below 0.5.

viii As expected, coverage rates of model-based confidence intervals that ignore the dependence structure were generally far below
nominal levels and did not improve when the number of studies per meta-analysis was larger (Figure D12 in the Supplementary
Material).

ix The poor coverage rates of CHE-ISCW and PET/PEESE are not attributable to working model misspecification. The value of
the average correlation between outcomes (𝜌) has virtually no effect on the coverage results for any method (Figure D13 in the
Supplementary Material).

x Coverage levels of the other bootstrap intervals, including studentized, basic, and BCA intervals, were not as accurate as
percentile intervals. See Figures D16–D21 in the Supplementary Material for detailed results.
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xi The conditions where the PML and ARGL estimators were biased correspond to ones where the prior penalty term is relatively
more influential because the penalty functions assign small prior probability to the heterogeneity and selection parameters and
the sample size is not large enough for the composite likelihood to dominate the prior. The bias of the estimators could likely
be reduced by using prior penalties that were better aligned to the true data-generating conditions.
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