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Abstract

The field of psychology faces certain challenges such as overestimated effect sizes, false

positive findings, and replication failures, all stemming from inadequate power, publication

bias, and p-hacking. Over the past decade, the field of psychology has gone to great lengths

to scrutinize well-established findings via large-scale, preregistered multi-lab replication

projects. This study primarily investigates effect size variance (i.e., heterogeneity), an

often-overlooked contributor for replication failures. We emphasize the importance of

understanding and modelling heterogeneity using direct replications. The importance of

heterogeneity in power analysis for direct replications is also demonstrated. Overall, given

the inevitability of effect size heterogeneity, we highly recommend that researchers take

heterogeneity into consideration when planning for future multi-lab replication projects.

Keywords: heterogeneity, effect size, direct replications, meta-analysis
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Effect Size, Heterogeneity, and Power in Meta-Analyses of Direct Replications:

A Comprehensive Simulation Study

Objectives

The primary objective of our study is to enhance understanding of effect size

variability (i.e., heterogeneity) and its relationship to effect size and statistical power of

direct replications in psychology. We utilized high-quality meta-analytic data of large-scale

multi-lab replication studies to fit appropriate distributions for population effect sizes and

their variances, which allowed us to derive unbiased estimates of the overall means of

population effect sizes and heterogeneity in psychology. Additionally, we seek to provide

insights and recommendations for multi-lab direct replication projects. To do so we will

conduct simulations to investigate the impact of the number of direct replications and their

sample sizes on the precision of meta-analytic effect sizes and heterogeneity estimates. Last

but not least, our study seeks to explain replication failures in direct replication studies

from a power analysis perspective. We will compare the power of simulated direct

replications using two distinct approaches: the conventional power analysis method and a

new method that accounts for heterogeneity. We intend to demonstrate that larger sample

sizes may not necessarily guarantee greater power because higher effect sizes are more

heterogeneous.

Background and theoretical framework

The field of psychology is currently facing a significant challenge known as the

replication crisis. A number of multi-lab replication projects — including the Open Science

Collaboration (Open Science Collaboration, 2015); Many Labs projects (e.g., Klein et al.,

2014); and the Reproducibility Project: Psychology (RRR) (e.g., Eerland et al., 2016) —

replicated a wide range of studies across various psychological subfields and assessed the

robustness of their findings. These large-scale replication projects reported low replication

rates and decreased effect sizes for a significant portion of tested studies. The far-reaching
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implications of this predicament question the very nature of psychological research

credibility.

Research has identified several factors responsible for the frequent occurrence of

replication failures, including low statistical power, publication bias, and p-hacking. An

often-overlooked factor requiring further attention is effect size variability or true

heterogeneity, denoted as τ 2 — in other words, the excess variance in observed effect sizes

after accounting for sampling variance (McShane & Böckenholt, 2014; Röver et al., 2023).

Considerable heterogeneity is usually seen in conventional meta-analyses, however, it has

also been observed in direct replications. While τ 2 is estimated to be small or negligible in

50 to 80% of cases, some effect size estimates exhibit medium to large heterogeneity

(Kvarven et al., 2020; Olsson-Collentine et al., 2020). Although certain researchers consider

heterogeneity a contributing factor in the hindrance of successful replications, we believe its

presence in direct replications affords a unique opportunity to deepen understanding of

psychological effects.

The following sections present a conceptual overview of the study’s essential

concepts.

Direct replications

Direct replications, also known as exact replications and close replications, are

designed to faithfully duplicate original studies using standardized procedures and

measures to examine and verify prior research findings within the context of newly collected

data. Direct replications involve public preregistration of research plans online and are

therefore less susceptible to publication bias and p-hacking. Furthermore, one can analyze

the variability of a true effect size across multiple direct replications and examine its

sensitivity to variation in random contextual factors within highly controlled environments.

Meta-analysis

Meta-analysis — a statistical method designed to combine results from multiple

studies on the same topic — is naturally suited for combining direct replications. The
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meta-analytic approach offers a framework along with a multitude of existing meta-analysis

methods, enabling accurate estimations of average psychological effects and their variability.

Random-effects model. Many-to-one replications make use of multiple

replication studies to verify an initial published finding (such as the Many Labs projects).

The random-effects model meta-analysis is preferred to combine such replications since

direct replications may possibly be measuring a distribution of effect sizes sharing a

common true effect (Maxwell et al., 2015; Simons et al., 2014). The preference is supported

by empirical evidence indicating considerable between-study heterogeneity for certain true

effect sizes in direct replications (Stanley et al., 2018).

Cochran’s Q, H2, and I2. To determine the presence of heterogeneity,

meta-analysts typically turn to the conventional Cochran’s Q test (Cochran, 1954).

Relying solely on the Q-test is ill-advised, however, due to its inadequate power to detect

low heterogeneity (Chung et al., 2013; Rücker et al., 2008). Heterogeneity is also commonly

quantified by the relative index, I2 (Higgins & Thompson, 2002), but it is important to

note that the rules of thumb benchmarks for I2 1 only holds true when the within-study

error is relatively constant (Borenstein et al., 2017). The less common statistic H2(Higgins

& Thompson, 2002) is able to determine whether the heterogeneity present in observed

effects of replication attempts is negligible (i.e., when H2 ≤ 1.33, with H2 = 1 indicating

homogeneity) (Schauer & Hedges, 2020).

τ 2 estimator. The DerSimonian-Laird (DL) estimator (DerSimonian & Laird,

1986) is arguably the most commonly used method to estimate τ 2. The DL estimator is a

method of moments estimator based on the generalized Q-statistic. It is computationally

simple and effective when heterogeneity is negligible or small. However, research suggests

that the DL estimator has a tendency to produce between-study variance estimates with a

downward bias (Langan et al., 2017). Despite this, we deemed it sufficient for fulfilling our

study purpose since, in the context of direct replications, most heterogeneity estimates will

1 I2 values of 25%, 50%, and 75% might be considered as small, moderate, and large, respectively.
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be small or negligible.

Power given heterogeneity

Ignoring effect size heterogeneity in power analysis can cause underpowered studies;

conventional power calculations assume homogeneity of effect sizes. Kenny and Judd

(2019) proposed a method for determining power that explicitly accounts for heterogeneity

and is inspired by the Z distribution-based method developed by McShane and Böckenholt

(2014). The new method employs a noncentral t-distribution to correct for over- and

underestimated power values in the same and opposite direction of a true effect.

Methods

Fitting distributions for true effect sizes and heterogeneity

Data source. Olsson-Collentine et al. (2020) conducted random-effects

meta-analyses of direct replications based on Many Labs and RRR projects’ data, yielding

43 estimated true effects, denoted as θ̂j (Hedge’s g), along with associated estimated

heterogeneity, τ̂j, where j represents the jth estimated true effect. These empirical

meta-analytic effect sizes are accurate estimations of their respective true effect sizes. We

will use these data to a fit the distribution for true effect sizes and fit another distribution

for true heterogeneity.

The fitting process. We directly fitted a distribution for true effect sizes, θj,

whereas for τj, we did not fit a distribution directly. Instead, we first calculated a ratio of τ̂j

to θ̂j based on the empirical data, and then we fitted a distribution to the resultant ratios.

As θj and τj are on the same scale, we can conveniently obtain values for τj by multiplying

the sampled effect sizes by the sampled ratios from their respective fitted distributions.

The first step in fitting distributions is identify potential distributions that may fit

the data. This begins with a visual examination of the empirical data’s shape (symmetry,

skewness, etc.) using a histogram and empirical density. The Cullen and Frey graph helps

assess the potential fit of the data in terms of skewness and kurtosis. Its implementation in

the R programming software (R Core Team, 2022) recommends a set of potential
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distributions for us to test their fit.

We tested the following potential distributions for θj: normal, gamma, Weibull,

Student’s t, exponential, Cauchy, log-normal, half-normal, half-t, and generalized inverse

gamma distributions. For the ratios, we tested normal, Student’s t, exponential, Cauchy,

half-normal, and half-t distributions.

The fit was visually assessed using theoretical PDF, theoretical CDF, Q-Q plot, and

P-P plot. We conducted goodness of fit tests, including Kolomogorov-Smirnov (KS),

Cramer von Mises (CvM) and Anderson-Darling (AD) tests. Lastly, we used

Likelihood-Ratio-Test, Akaike Information Criterion (AIC) and Bayesian Information

Criterion (BIC) to select the best model that fits our data.

Data analysis for fitted data. To estimate the overall average of parameters θj

and τj, we will randomly draw 11,000 values each from the fitted distributions of θj and τj,

repeating this process for 10,000 times. Numerous studies (e.g., Klein et al., 2018)

demonstrated a positive correlation between effect sizes and between-study heterogeneity.

To reflect such a tendency in the population parameter values, we will first sort the

sampled θj and τj in ascending order following which we will introduce a minor random

error that follows N(0, 0.1) to both parameters. Each θj is grouped with a corresponding τj

to constitute a parameter pair. We will exclude τj values that are larger than 1, because

such values are rarely seen in empirical data and are therefore considered outliers. We will

conduct descriptive statistical analyses for the remaining values of θj and τj in each sample,

which includes calculating the means, medians, and interquartile ranges (IQRs). These will

be averaged to obtain the final outcomes. We will also investigate the relationship between

θj and τj by computing correlations between the two parameter values. A regression

analysis will be conducted to obtain a linear relationship between θj and τj.

Simulation design

We will explore statistical properties of meta-analysis of direct replications through

an extensive simulation study. This involves randomly drawing 1,000 pairs of parameters
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values from the fitted distributions. For each parameter pair, we will simulate 1,000

random-effects meta-analyses of experimental studies (i.e., two-group between-subject

design). We will set the number of studies in a simulated meta-analysis to N = 10, 30, 50,

while the total sample size in a primary study is set to n = 50, 100, 500. All studies will

maintain a control/treatment allocation ratio to 1:1. Consequently, we will generate 1,000

× 3 × 3 × 1,000 = 9,000,000 meta-analyses. For each simulated meta-analysis, we will

record the Q-statistic and its associated p-value, I2, H2, and τ estimated by the DL

method.

Furthermore, simulations will be conducted to investigate changes in power given

heterogeneity across a range of true effect sizes (standardized mean difference). θj will be

set to 0, 0.2, 0.5, 0.8, corresponding to no, small, medium, and large average effects. We

will derive corresponding τj based on the obtained linear relationship between θj and τj.

Total sample sizes are set to 100, 200, and 500 with α set at 0.05. For each simulation

setting above, we will calculate power given heterogeneity 10,000 times and take the

average of the calculated power values.

Preliminary results

A brief summary of preliminary results is provided here. Detailed results will be

provided in our extended paper.

We find that the lognormal distribution fits θj the best, and the half-t distribution

fits the ratios the best. The overall average of psychological effects is estimated to be

approximately 0.16, and the median is about 0.11. The overall average of effect size

standard deviations is estimated to be approximately 0.1, and the median is about 0.04.

These simulated results are consistent with empirical findings.

The remaining simulations and analyses are expected to be completed during Fall

2023.
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Scientific significance

This study seeks to contribute to academia’s understanding of effect size

heterogeneity by focusing on three distinct facets. First, to the best of our knowledge, our

study is the first simulation study that models plausible distributions for true effect sizes

and heterogeneity on the standardized mean difference scale (Hedges’ g) in psychology.

Our estimation takes into account the positive (and oft-neglected) relationship between

effect size and heterogeneity to present a quantitative depiction of psychological effects

that’s notable for its increased precision. Second, our study investigates how the positive

association of effect size and heterogeneity can compromise a replication attempt’s

statistical power and, in the process, provide a novel perspective on the commonality of

replication failure events. Third, the study highlights how power calculated conventionally

differs from power which accounts for heterogeneity when making its determination. The

latter method emphasizes the importance of reevaluating power calculations for direct

replication attempts.
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