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Abstract

Meta-analysis is often considered to be at the top of the scientific hierarchy of evidence.
However, there is a growing worry among researchers that meta-analysis suffers from
publication bias. To combat this problem, researchers have proposed multiple methods of
adjusting meta-analyses. In this paper, I test five of these adjustment methods by applying
them to unbiased meta-analytic data to see if the bias adjustment methods can detect
the true level of bias and thereby yield the same result as the unadjusted analysis. This
data comes from large pre-registered replication projects where experiments are redone
in Many Labs, thus creating the meta-analytic data structure. I find that all regressionbased adjustment methods correct the results of unbiased replication and might therefore
yield misguiding results.
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Introduction

Meta-analysis is often placed at the top of the hierarchy of scientific evidence (Ioannidis, 2016;
Siddaway et al., 2019). Typically, it is difficult for individual studies to obtain a sufficient
amount of statistical power, making meta-analysis very useful. Therefore, meta-analysis is used
increasingly in several fields of social sciences such as psychology (Batz-Barbarich et al., 2018)
and economics (Eckel and Füllbrunn, 2015; Havránek and Kokes, 2015; Smith and Huang, 1995).
A meta-analysis can combine several already-existing studies, hence achieving high statistical
power at a low cost. This property also makes it possible to include population heterogeneity
in the analysis, possibly making meta-analysis superior to individual studies. This is because
adding heterogeneity may help generalizability across populations. Furthermore, meta-analysis
can even out mistakes and errors across studies, as long as these errors are not systematic.
There is, however, a growing concern that meta-analysis might suffer from publication bias
(Gurevitch et al., 2018; Sterling et al., 1995). In the last few years, there have been several
attempts at trying to find and quantify the level of publication bias in the literature (Camerer
et al., 2018; Klein et al., 2014, 2018; Ebersole et al., 2016). Since meta-analyses often are based
on published studies, such a bias might taint the meta-analysis. To combat this issue, several
methods have been developed to correct for bias in meta-analyses (Andrews and Kasy, 2019;
Duval and Tweedie, 2000; Stanley and Doucouliagos, 2014; Vevea and Hedges, 1995).
Kvarven et al. (2020) makes an attempt to quantify the level of bias in meta-analyses by
comparing pre-registered replications with meta-analyses and tries to test the function of several
methods for correcting publication bias in meta-analyses. The replications used come from
different Many Labs projects. These projects try to replicate findings by establishing a preanalysis plan and having different labs across the world execute the experiment. As all details of
the analysis are pre-registered and the project has been guaranteed publication before they start
data collection, these data should be unbiased. Kvarven et al. (2020) finds that, on average,
meta-analytic effect sizes are almost three times as large as effect sizes from pre-registered
replication on the same topic. This study also shows that applying adjustment methods for
publication bias has little or no effect on the difference between the estimates.
In a recent paper, Lewis et al. (2020) raises the following question: Should one expect correction
methods to eliminate the difference between meta-analysis and replication? For publication bias
correction methods to eliminate the discrepancy, one must assume that the entire difference
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between meta-analysis and replication is due to publication bias. However, there are other
explanations than publication bias for the difference, such as heterogeneity. The replications
in Kvarven et al. (2020) include some level of population heterogeneity, as the experiment is
performed in different populations. However, these replications do not include other types of
heterogeneity such as design heterogeneity, since all the different experiments included in the
replication follow the exact same pre-analysis plan. Hence, the difference between meta-analysis
and replications might be caused by several things, and publication bias correction methods
should only be expected to remove the part of the difference caused by publication bias.
This paper offers a cleaner way to investigate publication bias adjustment methods, as I only
use data from pre-registered replications, not meta-analyses. I investigate the possibility that
some correction methods might correct the results even when no bias is present in the metaanalysis. This means that, while Kvarven et al. (2020) examines how the adjustment methods
adjust in the presence of bias, I check whether the methods correct the result, even if there is no
bias present. Thus, my paper looks at the cost of using adjustment methods when they are not
needed. Hence, if a method passes the tests in this paper, it will not harm the meta-analysis
if the bias correction method is applied. This paper cannot, however, determine whether the
method provides bias correction when needed. Therefore, methods that perform well in this
paper will only have the potential of improving the meta-analysis, without any potentially
harmful side effects. I accomplish this test by applying correction methods to unbiased metaanalytic replication data and then comparing the estimates to the unadjusted results calculated
from the same dataset.
My paper differs from that of Kvarven et al. (2020) in its use of meta-analysis and replication
pairs, as I only use data from pre-registered Many Labs replication reports. Therefore, this
paper does not need to assume that the difference between meta-analysis and replication is
due to publication bias. In addition, there is also no need to assume that meta-analyses and
replications are comparable, only that the replications are unbiased. Furthermore, as I use
only replication data and do not require matching of meta-analyses, I can draw data from all
Registered Replication Reports (Alogna et al., 2014; Eerland et al., 2016; Hagger et al., 2016;
Cheung et al., 2016; Wagenmakers et al., 2016; Bouwmeester et al., 2017; O’Donnell et al.,
2018; McCarthy et al., 2018; Verschuere et al., 2018), Many Labs 1 (Klein et al., 2014), and
Many Labs 3 (Ebersole et al., 2016) replications, so my study uses a larger and possibly more
varied sample than Kvarven et al. (2020) does, in combination with providing a cleaner test. I
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therefore end up with a sample size of 24 meta-analytic replication datasets, compared to the
15 study pairs included in Kvarven et al. (2020).
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Method

For this analysis, I will use data from Many Labs Replication Projects in psychology. These
projects use a Many Labs format, meaning that multiple labs across the world have followed
the same pre-analysis plan and conducted the same experiment. Hence, each experiment within
a given replication is comparable, but the samples and sample populations will be different,
allowing population heterogeneity. Therefore, I can use the individual estimates from each lab
to create a meta-analytic dataset based on the replication data, with one effect size and one
standard error from each lab.
A Many Labs replication is conducted by different research teams volunteering to replicate a
certain finding, based on a set pre-analysis plan. This pre-analysis plan has been made in
cooperation with the authors of the original study being replicated, to ensure that the design
of the replication is a fair test of the hypothesis. When the pre-analysis plan is ready, it
is sent to a journal. The goal of this process is for the journal to promise publication for
the replication project when it is completed. This should then ensure that the replication
is published regardless of the findings, thus eliminating the possibility for publication bias
among such replication reports. When the pre-analysis plan is ready and the project has been
promised to be published, the different labs will follow the pre-analysis plan and perform the
replication separately. In the replications used in this paper, all the different experiments follow
an identical pre-analysis plan and design, and therefore there is no design heterogeneity. When
all the data is collected, an overall analysis of all the data is performed. Then the results
from this analysis are presented in a paper and published in the aforementioned journal. These
studies are therefore pre-registered and guaranteed to be published regardless of outcome. As
the pre-registration of these studies is thorough, there should be no opportunity to p-hack.
Hence, they should not be affected by publication bias or bias arising from p-hacking.
These data are collected by different research teams, thus creating a structure similar to a
meta-analysis. Therefore, my data are based on the effect sizes of each individual lab and
combined into a meta-analysis. Hence, I use the terms ”replications” and ”meta-analyses”
interchangeably, as the data can be best described as replication estimated through metaanalysis.
I apply five different bias correction methods to the replication data and then compare the corrected estimate with the uncorrected estimate. This process is illustrated in Figure 1. With this
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method, I can investigate for overcorrection for publication bias of the meta-analytic estimate.
The unadjusted effect size is calculated with the meta-analytic random effects method.
The replications I use in this study should already be unbiased, making bias correction redundant. Hence, an adjustment method that
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et al., 2019) and Kvarven et al. (2020).

Figure 1: Illustration of method.
Table 1 compares my paper to those of Carter
et al. (2019) and Kvarven et al. (2020). Carter
et al. (2019) evaluated bias-adjustment methods by simulating different conditions believed to
be present in the literature that could create problems for meta-analyses. Kvarven et al. (2020)
investigates issues regarding bias in practice by comparing meta-analyses to registered Many
Labs replications. The main difference between this paper and that of Carter et al. (2019) is
that Carter et al. (2019) uses simulation studies and tests the methods in various conditions,
such as degrees of publication bias, questionable research practices, and heterogeneity. The
most important difference between my paper and Kvarven et al. (2020) is that I investigate
performance when no publication bias is present. I also use a larger sample of studies, test more
adjustment methods, and do not need a matching meta-analysis to my replication estimates.
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Table 1: Overview of previous research approches
Evaluation Publication bias Adjustment methods

Study

method

condition

tested
Trim & Fill, WAAP,

Carter et al. (2019)

Simulations

No, medium and
p-curve, p-uniform,
high levels of bias
PET-PEESE and 3PSM

Kvarven et al. (2020)

Empirical

Unknown level

Trim & Fill,

of bias

PET-PEESE and 3PSM

Trim & Fill, PET,
Current study

Empirical

No bias

PEESE, PET-PEESE
and 3PSM

Note: PET=the precision-effect test, PEESE=the precision-effect estimate with
standard error, 3PSM=the three-parameter selection model.

2.1

Estimation of meta-analysis bias-adjustment methods

Following Carter et al. (2019) and Kvarven et al. (2020), I limit my analysis to five biascorrection methods: Trim & Fill, the precision-effect test (PET), the precision-effect estimate
with standard error (PEESE), PET-PEESE (a combination of PET and PEESE), and the
three-parameter selection model (3PSM).

2.1.1

Trim & Fill

Duval and Tweedie (2000) introduced Trim & Fill, a bias-correction method that uses an
algorithm to correct the estimate. This method is one of the most common correction models
for publication bias (Simonsohn et al., 2014). First, the algorithm removes studies that create
funnel plot asymmetry. When the new center is calculated, the algorithm fills in holes in the
plot based on the trimmed studies. Filling is accomplished by adding one study for every study
that was trimmed. This should increase the symmetry of the funnel plot. The method then
runs a meta-analysis containing all the studies, including trimmed and imputed effect sizes.
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This is then the corrected effect size.
Carter et al. (2019) finds that Trim & Fill does not adjust sufficiently for publication bias.
Kvarven et al. (2020) also finds that Trim & Fill corrects for bias to a small degree, returning
estimates that are close to those of the unadjusted analyses.

2.1.2

Regression-based adjustment methods

I also test out tree regression-based adjustment methods, the precision-effect test, the precisioneffect estimate with standard error, and a conditional estimator that combines the two. These
methods are being used frequently in several fields, such as psychology (Batz-Barbarich et al.,
2018) and economics (Havránek and Kokes, 2015; Havránek and Irsova, 2011; Havránek, 2015).
PET
The first regression-based method is the precision-effect test (PET), a regression-based correction method developed by Stanley (2008). PET is estimated through a weighted-least-squares
regression, weighted by the inverse of the variance. The corrected effect size is represented by
the constant term.
PET is specified by the following regression equation:

Yi = γ0 + αSEi + εi
,
where γ0 is the constant term, α is the regression coefficient, and SEi is the standard error.
PEESE
The precision-effect estimate with standard error (PEESE) was created by Stanley and Doucouliagos (Stanley and Doucouliagos, 2007). PEESE is described by the following equation, the
only difference from PET being the use of the squared standard error as the independent
variable:

Yi = γ0 + αSEi2 + εi
,
8

where γ0 is the constant term, α is the regression coefficient, and SEi is the standard error.
PET-PEESE
PET-PEESE is a conditional estimator that combines the estimates from PET and PEESE
(Stanley and Doucouliagos, 2014). When the PET estimate is statistically insignificant, it
is chosen as the PET-PEESE estimate. This is because PET has been found to outperform
PEESE when there is no underlying effect. When there is a non-zero underlying effect, however,
PEESE is found to outperform PET, so when the PET estimate is statistically significant, the
PEESE estimate becomes the PET-PEESE estimate.
Carter et al. (2019) concludes that, regarding the correction of publication bias, PET-PEESE
performs better than Trim & Fill.The results from Kvarven et al. (2020), however, indicate
that PET-PEESE seems to change the effect size of the meta-analysis, strongly decreasing
statistical power, but does not decrease the mean squared error. The results from Kvarven
et al. (2020) regarding PET-PEESE indicate that this method eliminates systematic bias in the
meta-analysis but that the high mean squared error indicates that the PET-PEESE corrected
estimate differs from the replication to the same degree, on average, as estimates made using
the other methods examined.

2.1.3

Three-parameter selection model

The three-parameter selection model (3PSM) was designed by Vevea and Hedges (1995). This
method uses maximum likelihood to estimate the probability that an insignificant result will
enter the literature, as well as the underlying effect and the heterogeneity based on the metaanalytic dataset. These parameters are then used to estimate an adjusted effect size and
standard error. As this method is based on one-sided p-values, I use a cut-off of 0.025, as this
is the equivalent of a two-sided p-value of 0.05.
Carter et al. (2019) finds that, although 3PSM cannot return an estimate every time, it outperforms PET-PEESE almost every time it does return an estimate. However, the results of Carter
et al. (2019) will depend on the level and types of problems in the literature. Kvarven et al.
(2020) observes that 3PSM performs slightly better than Trim & Fill regarding bias correction,
but that substantial levels of bias remain after its use. Moreover, 3PSM comes with a loss of
statistical power.
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2.2

Data collection

The starting point of this paper is to collect data from pre-registered Many Labs replications
in psychology. Two data sources were identified: 1) replications of the Registered Replication
Report format published in the journals Advances in Methods and Practices in Psychological
Science and Perspectives on Psychological Science, and 2) the Many Labs projects.
The data from Many Labs 2 (Klein et al., 2018) are not included, as errors have been discovered
in this dataset, and some work is left to be done to correct the data. As Many Labs 2 is the
largest of the replication projects, it will be important to add Many Labs 2 to the dataset when
the data have been controlled and approved.
Furthermore, I also exclude replications reporting in Pearson’s r or eta-squared. This excludes
three studies. This is because these effects would have to be converted to Cohen’s d, and this
process could introduce inaccuracy into the dataset. Such inaccuracy could in turn affect the
bias correction method’s performance, as inaccuracy can mask patterns in the data that the
methods use to identify bias1 . This yields a total of 24 meta-analytic replication datasets, when
excluding effects that would need converting.
Most of the replications included in this paper were originally reported in Cohen’s d. However,
seven of the 24 effects were reported in unstandardized beta coefficients. Cohen’s d for these
replications is constructed using the raw data available from the studies in question.
For the data from Many Labs 1 and Many Labs 3, a positive effect in the meta-analysis is
defined as finding an effect in the same direction as the original study that was replicated.
Therefore, I change the sign of the effect if the original study found a negative effect for the
studies from the registered replication reports (RRR) as well, making the data comparable.
1

When effect size and standard error must be converted, the converted estimates can become slightly in-

accurate. This inaccuracy can then be amplified when the converted estimates are used to calculate z-values.
This is not expected to systematically shift z-values, but to randomly create a small increase or decrease of the
z-value. One important category of correction methods, selection models, typically uses a fraction of significant
tests when identifying bias. Inaccurate z-values might therefore tamper with the adjustment method’s ability to
detect bias, if the inaccuracy causes some z-values to cross the significance threshold. Other methods, such as
Trim & Fill, use patterns in the data to identify bias. If the data are inaccurate, these patterns might change,
and the method will not be able to correct bias as intended. Hence, I exclude effects that need converting, as
the sample size is sufficient without them.
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In some cases, multiple effect sizes were replicated from the same original paper. In these cases,
I use the most accurate estimate with the smallest standard error, as long as the replication
does not state explicitly that one of the estimates is the main estimate.
One such case is the replication of Schooler and Engstler-Schooler (1990). An error in the
replication protocol resulted in the need for new data collection (Alogna et al., 2014). Both
instances of data collection are considered to be valid tests of the hypotheses presented in
the original paper and are therefore valid replications. The two data collections present three
options for this replication: 1) use the data collected in the first attempt, 2) use the data
collected in the second attempt, or 3) combine the two datasets. Option three would have
the highest level of statistical power, but combining the two attempts would introduce design
heterogeneity into the meta-analysis. As there is no design heterogeneity in any of the other
replications, I will use the dataset from one of the two first options. In the main analysis, I use
the data collected in the first attempt, as it is the most accurate of the two attempts2 .

2.3

Indicators used to compare the performance of the
bias-adjustment methods

To evaluate the performance of the adjustment methods, I measure the accuracy of the estimate,
the level of statistical power, and the false-positive and false-negative rates. The methods of
measurement I use in this paper follow Carter et al. (2019) and Kvarven et al. (2020).
To measure the change in the effect size, I use the mean difference between the adjusted and
unadjusted estimates. This measurement detects systematic bias in the adjusted effect size.
An estimate close to zero then indicates no systematic bias.
I also measure the average deviance from the unadjusted estimate with the root mean squared
error. This measure focuses on the absolute distance between the two estimates, regardless
of the direction, thus directing attention to the average size of the difference rather than to
systematic differences. The root mean squared error is calculated by the following formula:

RM SE =
2

p
mean((adjusted − unadjusted)2 )

For one of the 31 labs included in Alogna et al. (2014), the raw data was unavailable. For this lab I use

converted data
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.
Again, no difference between the adjusted and the unadjusted methods produces an estimate
close to zero.
Statistical power is measured by the minimum detectable effect size (MDE) at 80 % power. In
this paper, I use the 5 % significance level. Hence, the MDE is given by the following formula:

M DEi = 2.8 ∗ SEi
.
To compare the methods, I look at the mean MDE for each method compared to the MDE for
the unadjusted estimate. A low MDE entails high levels of statistical power, while a high MDE
means low levels of statistical power.
In this paper, a ”false positive” will be defined as a case where the unadjusted meta-analysis does
not find a statistically significant effect, but the adjusted meta-analysis does. Consequently, the
”false-negative rate” is defined as the percentage of cases for which the adjusted meta-analysis
finds a null effect but for which the unadjusted meta-analysis finds a statistically significant
effect. Thus, the true effect is defined based on the result of the unadjusted meta-analytic
replication result. Hence, in a scenario where the bias adjustment methods do not adjust for
bias and therefore reach the same conclusion as the unadjusted analysis in terms of statistical
significance, the false-positive and false-negative rate will be exactly zero. This is likely to be
the case for Trim & Fill when the method does not adjust for bias, as the method then would
produce the exact same result as the random effects model used for the unadjusted analysis. If
the methods change the level of statistical power, however, the method might yield a small falsepositive or false-negative rate even if there is no adjustment for bias. It is therefore important
to also take the RMSE into account when determining if the false-positive or negative rate is
due to adjusting for non-existing bias. I calculate these rates at the 5 % level.
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3

Results

Figure 2 depicts the different effect sizes with 95 % confidence intervals. This plot shows that
3PSM did not return an estimate in 4 cases. The plot also indicates that PET-PEESE has the
widest confidence intervals, indicating a low degree of accuracy in the analysis.
Table 2 shows that the results for PET and PET-PEESE are very similar. Both PET and
PET-PEESE adjust for bias that is not present. The root mean squared error is 0.26 and the
mean difference is 0.05 for PET. PET-PEESE yields a root mean squared error of 0.23 and
a mean difference of 0.04 , indicating that there is no over- or underestimation but that there
is a substantial difference between the adjusted and unadjusted effect sizes. Furthermore, the
MDE at the 5 % level is 0.47 for PET and 0.44 for PET-PEESE, indicating a considerable
loss of statistical power compared to the unadjusted MDE of 0.11 . This is also indicated by
the false-negative rate of 0.27 .
PEESE also has a false-negative rate of 0.27 , but a higher level of statistical power with a
mean MDE of 0.27 . PEESE also has the lowest RMSE of the three regression-based adjustment
methods, with an RMSE of 0.13 .
Moreover, 3PSM has a similar false-negative rate and a small false-positive rate. Since the
unadjusted method finds a statistically insignificant result in 12 cases where 3PSM yields an
estimate, and 3PSM finds a statistically significant effect in one of these cases, the false-positive
rate for 3PSM is 0.08 . This can be observed from Figure 2. Regarding statistical significance,
the method came to a different conclusion than the unadjusted analysis three times, as reported
in Figure 2. The mean difference and root mean square error are both close to zero. Hence,
they show no indications of bias adjustment, and the MDE is near the unadjusted estimate.
Trim & fill is the only method tested that yields neither false positives nor false negatives.
Hence, the false-positive and false-negative rate for this method is zero. This is illustrated in
Figure 2, as Trim & fill reaches the same conclusion in terms of statistical significance as the
unadjusted method for all 24 cases. Furthermore, all indicators show that trim & fill produces
a result very close to the unadjusted method, regarding both effect size and statistical power.
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Figure 2: Effect sizes with 95 % confidence interval for all methods in Cohen’s d.
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Table 2 – Results for indicators used to measure performance
Method
Trim & fill

False-positive

False-negative Mean

Root mean

Mean

rate

rate

difference squared error MDE

0.00

0.00

0.00

0.02

0.11

Regression based methods
PET

0.00

0.27

0.05

0.26

0.47

PEESE

0.00

0.27

0.03

0.13

0.27

PET-PEESE

0.00

0.27

0.04

0.23

0.44

0.08

0.25

0.00

0.03

0.14

3PSM

False-positive and -negative rates calculated at the 5 % level with the replication as
the baseline. Mean difference measured in Cohen’s d. MDE calculated at the 5 % level.
Minimum detectable effect size (MDE) is for the 5 % level.

3.1

Robustness tests

I have also performed several robustness tests. The first test is to find out if the bias correcting
methods perform equally across my dataset, or if the methods perform differently if the number
of studies included in the meta-analysis is either high or low. The number of included studies
could affect statistical power, as well as the method’s ability to adjust for bias, creating the
need for this robustness test.
I divide my sample into two equal parts based on the number of included studies in the metaanalysis. Hence, I create one group with the half of the meta-analyses that has the fewest
included studies and another group with the highest amount of studies. The false-negative
rate and the RMSE are slightly lower in the group with many studies. This indicates a higher
level of statistical power in this group. The mean difference and RMSE are near the main
estimate for both groups, indicating that the level of bias is close to the estimates for the full
sample. The exception is for PET-PEESE, which is now producing a similar mean difference,
and RMSE to PEESE. As PET-PEESE is a conditional estimator, it is equal to PEESE in
76.92 % of cases for the group with a high number of included studies, versus 6.67 % for the
group with a low number of included studies.
Furthermore, I also limit the sample to cases where 3PSM returns an estimate to better compare
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the three methods and to rule out the possibility that the comparative results are due to the
difference in the sample. This excludes 4 meta-analyses from my sample, leaving a sample size
of 24 meta-analyses. The results from this test are almost identical to the main results.
Table 3 – Robustness results for indicators used to measure performance
Method

False-positive

False-negative Mean

rate

rate

Root mean

Mean

difference squared error MDE

For meta-analyses where the number of included studies are below the median
Trim & fill

0.00

0.00

-0.00

0.03

0.11

Regression based methods
PET

0.00

0.75

0.06

0.29

0.66

PEESE

0.00

0.75

0.03

0.14

0.35

PET-PEESE

0.00

0.75

0.07

0.28

0.66

0.09

0.50

0.00

0.02

0.13

3PSM

For meta-analyses where the number of included studies are above the median
Trim & fill

0.00

0.00

0.00

0.02

0.11

Regression based methods
PET

0.00

0.09

0.01

0.22

0.24

PEESE

0.00

0.09

0.02

0.13

0.17

PET-PEESE

0.00

0.09

0.01

0.13

0.19

0.00

0.13

0.01

0.03

0.15

3PSM

Only including meta-analyses where 3PSM returned an estimate
Trim & fill

0.00

0.00

0.00

0.03

0.12

Regression based methods
PET

0.00

0.33

0.06

0.28

0.50

PEESE

0.00

0.33

0.03

0.15

0.30

PET-PEESE

0.00

0.33

0.05

0.24

0.50

0.08

0.25

0.00

0.03

0.14

3PSM

False-positive and -negative rates calculated at the 5 % level with the replication as
the baseline. Mean difference measured in Cohen’s d. MDE calculated at the 5 % level.
Minimum detectable effect size (MDE) is for the 5 % level.
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4

Discussion

This work found that 3PSM seems to make only small changes to the meta-analyses. However,
these minor changes are in some cases enough to create false positives and negatives. It is
therefore important to proceed with caution when applying this method.
When comparing the methods tested in this paper, it is important to note that 3PSM did
not return an estimate in some cases. It is possible that the results for this method would
be different if it had always returned an estimate. This also makes it difficult to evaluate
the method, considering that the inability to return an estimate could be a limitation. In a
robustness test, I limit the sample to include only cases where 3PSM yields an estimate. This
test shows similar results as the main estimate.
PET & PET-PEESE is the method that creates the largest differences compared to the unadjusted effects. As PET-PEESE is a conditional estimator, and equal to PET in the 60.71
% of cases where PET is statistically insignificant, the difference between these two methods
is small. The differences for PET and PET-PEESE range from -0.49 to 0.75 . For Cohen’s
d, 0.4 is considered a small effect, while 0.6 would indicate a medium effect. Hence, PET and
PET-PEESE will in some cases over- or underestimate the effect by a small-to-medium amount.
In addition, the method also decreases statistical power and creates wide confidence intervals,
compared to the unadjusted analyses.
PEESE outperforms both PET and PET-PEESE when it comes to bias and statistical power,
but has an identical false-negative rate as PET and PET-PEESE. The root mean squared
error for PEESE is approximately half of the RMSE for PET and PET-PEESE, though still
considerably larger than that for 3PSM and Trim & Fill.
Of the methods tested in this paper, Trim & Fill seems to perform the best, in that it does not
correct for bias when none is present. However, the tests in this paper are a necessary but not
sufficient condition for validity. It is also necessary for the method to adjust for bias when bias
is present. If a method never adjusts for bias, it would perform good in the tests in this paper,
though this does not make the method a good bias adjustment method. Thus, the results for
Trim & Fill might simply indicate that the method does not adjust well for bias whether bias
is present or not, as indicated by Carter et al. (2019) and Kvarven et al. (2020). It is therefore
important to examine the results of this analysis in combination with those of other studies.
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A central caveat for the results of this paper is the representativity of the meta-analytic datasets
included in this work. All the included meta-analyses come from Many Labs projects. This
means that there is no design heterogeneity of any sort, as would be expected in an average
meta-analysis. In other words, the heterogeneity of these meta-analyses is artificially low. This
is important first because these anti-biasing methods might have been developed for a dataset
containing such heterogeneity and might therefore work differently on the datasets included in
this study. Second, it is important to note that such heterogeneity can be incorrectly interpreted
by the adjustment methods as bias. The methods are therefore likely to perform worse if
design heterogeneity were present. Thus, the conclusions of this paper might change if design
heterogeneity were included.
Furthermore, the selection of hypotheses tested in the included datasets might not be representative of the literature as a whole. There might be a replicator selection effect, meaning that
researchers look for an effect that they do not believe to be replicable and hence end up with a
high fraction of null findings. This is, however, tested for in Kvarven et al. (2020), where there
was no evidence of such an effect.
It is also possible that there is no replicator selection effect but that the percentage of null
findings might differ from the rest of the scientific literature because statistically significant
findings are typically being replicated. The existence of statistically significant findings means
there is previous support for the hypothesis, which can increase the chance that a significant
effect will be produced, when the study is replicated. Thus, since the projects included in this
study are replications, it is possible that the percent of true effects deviates from the rest of
the literature, which could affect the mean difference and the root mean squared error if some
methods overadjust only when there is a true effect and not otherwise (or vice versa). This
would not affect internal validity but might slightly limit generalizability.
Another limitation of my analysis is that the replication datasets include between 12 and 37
studies each. The number of studies included in the dataset can affect important factors such
as statistical power and the adjustment method’s ability to adjust for bias. Some methods try
to assess the level of bias based on differences in effect and standard error between the included
studies. When there are few studies, it might become difficult for these adjustment methods to
accurately estimate relevant parameters. A low number of included studies has also previously
been raised as a limitation for the performance of PET-PEESE (Stanley, 2017). Hence, the
conclusions of the paper may not be possible to extrapolate to bigger meta-analyses. To test
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for these kinds of differences, I have included a robustness test where I split my sample into
two groups. The first group consists of the 50 % of meta-analyses that have the lowest number
of included studies. The other group is the 50 % with the highest number of studies.
As expected, the false-negative rate and the level of statistical power are better among the
meta-analyses with the largest number of included studies. This is not surprising, as more
included studies typically means higher statistical power. The mean difference and RMSE are
almost identical between the two groups, indicating that the performance of the bias adjustment
methods does not improve with a larger sample. However, it is possible that this conclusion
would be different with even larger numbers of included studies.
It is important to mention, however, that there is a difference in the mean difference and
RMSE for PET-PEESE. When in the group with a high number of included studies, the
RMSE and mean difference are very close to the results for PEESE, while they are close to the
results for PET in the other group. This is probably due to the group with a high number of
included studies having more statistical power, which in turn makes the meta-analytic effect size
more likely to be statistically significant. As previously stated, PET-PEESE is a conditional
estimator equal to PET when PET is not statistically significant, and equal to PEESE when
PET is statistically significant. Thus, it stands to reason that PET-PEESE will be closer to
PET when statistical power is low, and more likely to be close to PEESE when statistical power
is high. This is supported by PET-PEESE being equal to PEESE in 6.67 % of cases in the
group with a low number of the included studies, and 76.92 % in the group of studies with a
high number of included studies.
One important point, however, is that most meta-analyses typically include few studies. Based
on data from van Erp et al. (2017), which has gathered information regarding the included
number of studies from 747 meta-analyses from 61 published papers in Psychological Bulletin,
the median number of included studies in a meta-analysis is 12. Furthermore, 75 % of the
meta-analyses in their sample includes 33 studies or less. In this context, my dataset, with
a median of 23 included studies, includes fairly large meta-analyses. This implies that the
robustness test with the smaller half of the sample might be more representative for how the
adjustment methods would perform on actual unbiased data in the literature.
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5

Conclusion

I find that the regression-based adjustment estimators come with a considerable loss of statistical power when applied to unbiased data. For these methods, the minimum detectable
effect size is between 2.45 and 4.27 times larger than for the unadjusted analysis. This loss of
power is further demonstrated by the 26.67 % false negatives. In addition, the regression-based
methods also make changes to the meta-analytic estimate, when there is no bias and no change
is required. This indicates that the regression-based methods come with a cost when applied
to unbiased data.
The remaining methods seem to outperform the regression-based methods in this test. The
three parameter selection model leads to a small loss of statistical power. The power loss is,
however, minimal compared to the power loss of the regression-based methods. The Trim &
Fill method does not adjust the unbiased estimate at all, and is thus the method that performs
the best in this paper. However, not adjusting the effect in an unbiased dataset is only a
necessary, but not sufficient, condition. This paper does not evaluate how well the methods
actually adjust for publication bias. These results do, however, indicate that there is little or
no cost of using these two methods in cases where there is no bias. Thus, one would expect,
based on Carter et al. (2019) and Kvarven et al. (2020), that these methods might give some
limited benefit when applied to biased data, but without being harmful to the meta-analysis
if the dataset turns out to be unbiased. I therefore conclude that Trim & Fill and the three
parameter selection model can come with potential benefits, but without the same costs as the
regression-based adjustment methods.
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