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Meta-analysis is a widely used tool for synthesizing results from multiple stud-
ies. The collected studies are deemed heterogeneous when they do not share
a common underlying effect size; thus, the factors attributable to the hetero-
geneity need to be carefully considered. A critical problem in meta-analyses
and systematic reviews is that outlying studies are frequently included, which
can lead to invalid conclusions and affect the robustness of decision-making.
Outliers may be caused by several factors such as study selection criteria, low
study quality, small-study effects, and so on. Although outlier detection is
well-studied in the statistical community, limited attention has been paid to
meta-analysis. The conventional outlier detection method in meta-analysis is
based on a leave-one-study-out procedure. However, when calculating a poten-
tially outlying study’s deviation, other outliers could substantially impact its
result. This article proposes an iterative method to detect potential outliers,
which reduces such an impact that could confound the detection. Furthermore,
we adopt bagging to provide valid inference for sensitivity analyses of exclud-
ing outliers. Based on simulation studies, the proposed iterative method yields
smaller bias and heterogeneity after performing a sensitivity analysis to remove
the identified outliers. It also provides higher accuracy on outlier detection. Two
case studies are used to illustrate the proposed method’s real-world performance.

K E Y W O R D S
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1 INTRODUCTION

Meta-analysis has been an increasingly used tool for synthesizing findings from various studies on the same research topic
in a systematic review.1 Many well-designed guidelines have been developed to improve the conduct and reporting of
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meta-analyses and systematic reviews and assess their quality.2-5 A fundamental step for performing a systematic review
and meta-analysis is to select eligible studies based on predefined criteria. Differences in the study selection could lead
to conflicting conclusions6-10; such inconsistency could be caused by the inclusion of outlying studies.11 After identifying
the eligible studies, it is critical to assess the heterogeneity between the studies. If the selected studies are substantially
heterogeneous (eg, based on the I2 statistic),12 systematic reviewers need to explore the factors attributable to the hetero-
geneity. When some variables (eg, types of studies and summaries of population ages) may be associated with the effect
results, the studies can be classified into several subgroups based on such variables.13

Systematic reviews frequently include studies that appear to be outlying.11,14-18 Such studies could seriously affect the
procedures (eg, assessment of heterogeneity and publication bias) and conclusions of meta-analyses.19-22 They are possibly
caused by reporting errors in the original studies, inappropriate study selection criteria, low study quality, small-study
effects, and differences in certain characteristics (eg, study location) from other studies.23-26 In the presence of potential
outlying studies, it is recommended to perform a sensitivity analysis of excluding these studies and validate the evidence
from the meta-analysis.27 In order to perform such sensitivity analyses, potential outlying studies should be detected
appropriately. Outliers could be detected from clinical perspectives (eg, the possibility of extreme treatment effects) or
formal statistical methods. This article focuses on the latter.

Although outlier detection has been a well-studied topic in the statistical community, relatively few efforts have
been especially paid to the field of meta-analysis.28-35 Hedges and Olkin36 (Chapter 12) presented several early efforts
for detecting outliers in a meta-analysis, but they primarily considered the common-effect setting, where the studies are
assumed to share a common true treatment effect. The leave-one-study-out procedure by Viechtbauer and Cheung37 in the
random-effects setting is perhaps the most widely used tool for detecting outliers in the current practice of meta-analysis.
It calculates the studentized deleted residual for each individual study; a large studentized deleted residual indicates that
the corresponding study may be outlying. In the standardization process for a specific study, the overall mean effect and
between-study variance are estimated using all remaining studies. If this study is truly outlying, it would seriously affect
the estimation and bias the studentized deleted residual.

This article introduces an iterative method of detecting outlying studies for a sensitivity analysis in meta-analysis.
The iterative method refines the leave-one-study-out procedure by Viechtbauer and Cheung.37 In the leave-one-study-out
procedure, only a single study is removed to reduce its potential impact on the parameter estimation for calculating its
studentized deleted residual. When multiple outlying studies are present in a meta-analysis, other outlying studies could
still substantially affect the studentized deleted residuals. The idea of the proposed iterative method is similar to the step-
wise variable selection for regression analysis. It is also used in other statistical applications, such as detecting pleiotropy
in Mendelian randomization analysis with GWAS summary data.38 Furthermore, the leave-one-study-out procedure
ignores the impact of outlier detection (ie, model selection) when conducting inference. Model selection can yield notice-
able changes in estimates in terms of discontinuities at the boundaries between model regimes. Hence, ignoring model
selection usually, but not always, results in a smaller variation, which may lead to inflated Type I error rates and conser-
vative coverage probabilities. To ensure valid inference, we adopt bagging with the nonparametric delta method,39 which
improves the performance for both the leave-one-study-out procedure and iterative method by reducing the variability in
outlier detection when taking account of model selection.

This article is organized as follows. First, we introduce the conventional leave-one-study-out procedure and propose
a new iterative method for detecting outlying studies. Second, we introduce the simulation designs and describe the
meta-analyses for case studies. Third, we present the results from the simulation studies and the case studies to compare
the different methods. This article concludes with a brief discussion.

2 METHODS

2.1 Meta-analysis models

Suppose a meta-analysis collects n independent studies. The effect size estimate of study i, denoted by yi, is the outcome
measure reported in each study, such as the mean difference, (log) odds ratio (OR), (log) relative risk (RR), etc. For each
study, we assume the effect size is drawn from a sampling distribution such that

yi ∼ N
(
𝜇i, s2

i
)
,
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where 𝜇i and si denote the true effect size and SE of study i, respectively. When these collected studies are homogeneous
(𝜇i = 𝜇 for all collected studies), the overall effect size 𝜇 is estimated by the common-effect model as

𝜇CE =
∑n

i=1wiyi
∑n

i=1wi
,

where wi = 1∕s2
i . The variance of 𝜇CE can be estimated by

Var
(
𝜇CE

)
= 1

∑n
i=1wi

. (1)

The Q statistic, Q =
∑n

i=1wi
(

yi − 𝜇CE
)2, is commonly used for testing homogeneity. It follows 𝜒2

n−1 under the null
hypothesis that the collected studies are homogeneous.

When the collected studies are considered heterogeneous, the corresponding random-effects model assumes 𝜇i ∼
N
(
𝜇, 𝜏

2), where 𝜏2 denotes the between-study variance and 𝜇 represents the overall mean effect size.40 The restricted
maximum likelihood (REML) method is recommended for obtaining the between-study variance estimate 𝜏2.41-43 The
overall mean effect size 𝜇 in the random-effects model can be estimated by

𝜇RE =
∑n

i=1w∗
i yi

∑n
i=1w∗

i

,

where the weights w∗
i = 1∕

(
𝜏

2 + s2
i

)
. The variance of 𝜇RE can be estimated by

Var
(
𝜇RE

)
= 1

∑n
i=1w∗

i
. (2)

Note that the random-effects model is reduced to the common-effect model when 𝜏2 = 0.

2.2 The leave-one-study-out procedure

One popular method to detect outliers in a meta-analysis is based on the studentized deleted residuals.36 Specifically, for
study i, the studentized deleted residual ti is given by

ti =
yi − 𝜇i(−i)

√
Var

[
yi − 𝜇i(−i)

] ,

where 𝜇i(−i) is the predicted mean effect size for study i calculated by the model that excludes study i during model fitting.
Because yi and 𝜇i(−i) are uncorrelated, ti can be further simplified to

ti =
yi − 𝜇i(−i)

√
s2

i + 𝜏
2
(−i) + Var

[
𝜇i(−i)

] ,

where 𝜏2
(−i) and Var

[
𝜇i(−i)

]
are the estimated heterogeneity variance and variance of 𝜇i(−i) from the model that excludes

the ith study during the model fitting, respectively. When the meta-analysis considered does not incorporate study-level
covariate information (which is often the case in applications), we have 𝜇i(−i) = 𝜇(−i), with its variance estimated by
Equations (1) and (2), respectively. Therefore, ti becomes

ti =
yi − 𝜇(−i)

√
s2

i + 𝜏
2
(−i) + Var

[
𝜇(−i)

] .
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The studentized deleted residuals ti follow a standard normal distribution approximately under the assumed model.
One can use their magnitudes and P values to determine the outliers in a meta-analysis.

2.3 The iterative method

The above leave-one-study-out procedure works well when only one outlier exists in a meta-analysis. However, when
multiple outliers exist in a meta-analysis, 𝜇i(−i) would deviate from the truth, and the leave-one-study-out procedure may
be sub-optimal. To improve the robustness of the outlier detection, we propose an iterative approach that considers the
impact of several potential outliers:

Step 1. Initialization: We obtain the initial overall mean effect estimate based on the model that includes all studies.
Step 2. Outlier test: To test whether study i is an outlier, we use a modified studentized deleted residual given by

t̃i =
yi − 𝜇̃i(−i)

√
Var

[
yi − 𝜇̃i(−i)

] ,

where 𝜇̃i(−i) is the predicted mean effect size for study i calculated by the model that excludes study i and the outliers
detected in the previous iteration during the model fitting. Similar to the usual studentized deleted residuals, t̃i follows a
standard normal distribution approximately under the assumed model, and their P values can be calculated accordingly.
We apply these modified studentized deleted residuals to all n studies and treat a study as outlying if it meets a defined
selection criterion, such as with a small P value or a large quantity. We adopt a selection criterion of P < 0.05 in the
following analysis for generality. To improve the stability of the method, we only declare the study with the smallest P
value as the new outlier when multiple studies yield P < 0.05. In application, one may consult clinicians to find the most
appropriate selection criterion.

Step 3. Estimation of mean effect size: We estimate the mean effect based on the model that excludes all outlying
studies detected in outlier tests (in Step 2) during the model fitting.

Step 4. Iteration: We iterate Steps 2 and 3 until there is no change in outlier detection and the mean effect estimate.
Note that if a study is declared as an outlier in the previous iterations but shows a non-significant P value in the current
iteration, we will bring this study back to the meta-analysis.

Generally speaking, we want to select the best possible set of outlying studies, which however is NP-hard. The pro-
posed iterative method is one type of greedy search. According to Elenberg et al.,44 this new method should perform within
a constant factor from the best possible subset-selection solution for detecting outlying studies, partially explaining why
the proposed method achieves superior performance as to be shown later.

2.4 Bagging

To reduce variability and eliminate discontinuities in outlier detection, we further use bagging to compute the average
effects and the confidence intervals (CIs).45 Specifically, we generate bootstrap replicates

y∗j =
(

y∗j1, y
∗
j2, · · · , y

∗
jk, · · · , y

∗
jn

)
,

for j = 1, · · · ,B. The bootstrap samples y∗j consist of n draws from y1, y2, … , yn with replacement such that for each y∗jk,

Pr
(

y∗jk = yi

)
= 1

n
,

for all i. Here, we adopt bootstrap sampling with replacement (ie, each individual study has an equal chance of being
resampled) so that valid confidence can be built via the nonparametric delta method.39 While other parametric bootstrap
methods might be used as an alternative tool to construct a point estimate of 𝜇, the resulting estimator may not enable
valid statistical inference after outlier detection.

We then apply the proposed iterative outlier detection method and the leave-one-study-out method in each replicative
bootstrap sample to remove the outliers and obtain the overall average effect estimate 𝜇∗j . Then, the smoothed average
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effect estimate is obtained by averaging over B bootstrap replications,

𝜇̃ = 1
B

B∑

j=1
𝜇
∗
j .

We note that 𝜇̃ is a finite sample approximation of E
[
𝜇
∗
j |y1, y2, … , yn

]
, and it is thus correctly centered on 𝜇 as long

as the majority of the bootstrap samples are correctly centered on 𝜇.
The 95% bootstrap smoothed interval is obtained by

𝜇̃ ± 1.96 s̃dB,

where s̃dB is the nonparametric delta-method estimate of the SD for 𝜇̃.39 Specifically, for the jth bootstrap replication, let

Y∗
ji = #

{
y∗jk = yi

}
,

be the number of elements of y∗j that equals the original effect sizes of the studies yi. The estimate of SD for 𝜇̃ is

s̃dB =

[ n∑

i=1
cov2

i

]1∕2

,

where the covariance between Y∗
ji and 𝜇∗j can be estimated by

ĉovi =
B∑

j=1

(
Y∗

ji − Y∗
⋅i

)(
𝜇
∗
j − 𝜇̃

)
∕B,

with Y∗
⋅i =

∑B
j=1Y∗

ji∕B and 𝜇̃ =
∑B

j=1𝜇
∗
j ∕B.

3 SIMULATIONS

3.1 Simulation designs

We conducted a comprehensive simulation study to evaluate the performance of the proposed iterative outlier detection
method compared with the leave-one-study-out method. For each simulated meta-analysis, the true overall effect size was
𝜇 = 0. The study-specific effect sizes were generated by yi ∼ N

(
𝜇i, s2

i

)
and 𝜇i ∼ N

(
𝜇, 𝜏

2). The within-study SEs followed
a uniform distribution si ∼ U(1, 4), and the between-study SD 𝜏 took values of 0, 1, and 4. The values of 𝜏 = 0, 1, and 4
represented weak, moderate, and strong heterogeneity in the meta-analysis, respectively. The number of studies collected
in each meta-analysis was assumed to be n = 15 or 30. We further assumed the number of outlier studies to be m = 0,
⌈n∕5⌉ and ⌈n∕10⌉, where ⌈x⌉ denotes the smallest integer not less than x. Both the z test and t test were considered for
the studentized deleted residuals; the t test statistic had n − r − 2 degrees of freedom, where r is the number of detected
outliers. We performed 1000 simulations with 500 repetitions of bootstrap sampling. The following two scenarios were
considered for generating outlier studies.

I Assuming the outlier studies were distributed evenly on both sides of the true overall effect size. Specifically, we
added/subtracted a constant 𝛿 = 8 to/from the effect sizes of the m randomly selected outlier studies according to their
signs, so that these m studies would have unusually large or small effect sizes compared to the rest studies. The size
of 𝛿 is determined based roughly on the magnitudes of the within- and between-study variances, such that 𝛿 is about
two times (the upper bound of) SEs of the effect sizes.
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II Assuming the outlying studies were distributed on one side only, which is more likely to be the case in the presence of
publication bias, a phenomenon that studies with plausible and significant results are more likely to be published.46,47

Specifically, we randomly selected m studies and added 𝛿 = 8 to their absolute effect sizes, resulting in m outlying
studies with large effect sizes.

We would evaluate these two methods by looking into a few statistics and diagnostic results. The details are presented
in the Simulation results. We would also compare the two methods to the original meta-analyses and the meta-analyses
with the true outlying studies excluded.

3.2 Simulation results

We report statistics related to the overall effect size estimates to evaluate the outliers’ impact and diagnostic statistics for
binary outcomes to assess the accuracy of outlier detection. To save space, we focus on the setting with outliers on one
side only (scenario II) with the number of outliers m = n∕5 or no outlier (m = 0) using the z test. The complete results for
other scenarios and settings are similar and are given in Tables S1–S20 in the Supporting Information. The Monte Carlo
SEs of the primary results were reported in Tables S21–S24 in the Supporting Information.

We first considered the case that there were actual outlying studies. Table 1 presents results for n = 15 and 30, includ-
ing bias, mean squared errors (MSEs), type I error rates, and coverage probabilities of 95% CIs of the overall effect
size estimate 𝜇 before and after removing the outliers by different methods. The results of performing bagging for the
leave-one-study-out method and the iterative outlier detection method are presented as well. We also report the type I
error rates (𝜏 = 0) and powers (𝜏 > 0) of the Q statistic for testing homogeneity and the mean of I2.

When the studies were homogeneous (𝜏 = 0), the biases in the overall effect size estimate 𝜇were negligible with small
MSEs when the true outlying studies were excluded. The type I error rates of testing 𝜇 = 0 were well-controlled, and the
coverage probabilities were close to the nominal level (95%). The type I error rates of the Q statistic were also controlled,
and the I2 was less than 10%. These may reveal that the biases and the heterogeneity in the original meta-analyses were
induced by the presence of outlying studies, given when all studies were included, the biases in 𝜇 were significant with
large MSEs, the type I error rates of both 𝜇 = 0 and the Q statistic were inflated, and the I2 values were about 70%. By
conducting the sensitivity analyses of removing detected outlying studies using both outlier detection methods, the iter-
ative outlier detection method yielded smaller biases with smaller MSEs than the leave-one-study-out method. However,
the type I error rates of the overall effect size were inflated for both methods due to the randomness of outlier detection,
and the coverage probabilities were also relatively low. By applying bagging, the type I error rates were well-controlled,
and the coverage probabilities were increased for the iterative outlier detection method under both sample sizes and
for the leave-one-study-out method when the sample size was small. The percentages of bias reduced from the original
meta-analyses and the coverage probabilities after bagging were plotted in Figure 1. Besides, the iterative outlier detection
method generated much smaller type I error rates for the Q statistic and produced I2 closer to 0.

For heterogeneous studies (𝜏 > 0), the biases of the original meta-analyses increased due to the presence of outly-
ing studies and the larger between-study variation, leading to inflated type I error rates and low coverage probabilities
of the overall effect size. In the sensitivity analyses of excluding detected outlying studies, the iterative outlier detection
method reduced significantly more bias than the leave-one-study-out method (see Figure 1). When the heterogene-
ity was moderate (𝜏 = 1), both methods controlled the type I error rates of 𝜇 well with bagging, further highlighting
the importance of considering outlier detection (model selection) when conducting inference. The Q statistic of the
leave-one-study-out method was more powerful than that of the iterative outlier detection method; this was expected
because the leave-one-study-out method was less effective in outlier detection and sacrificed the type I error of the Q
statistic in the presence of outliers. Furthermore, the leave-one-study-out method produced much higher I2 values than
those of removing the true outliers, indicating a potential insufficiency of this detection process. On the other hand, the
iterative outlier detection method shrank I2 to around 10%, suggesting the iterative framework may be more powerful in
detecting outliers. However, when heterogeneity was strong (𝜏 = 4), the type I error rates of 𝜇were inflated even when the
true outliers were removed. Still, the iterative outlier detection method with bagging controlled the type I error rates better
than that of the leave-one-study-out method. The I2 values of the iterative outlier detection method remained substantial
but were similar to that with true outliers removed, while those of the leave-one-study-out method were not.

Table 2 presents diagnostic statistics, including sensitivity, specificity, and several other diagnostic statistics that evalu-
ate the accuracy of the outlier diagnosis. Across all settings, the iterative outlier detection method identified more outliers
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MENG et al. 1555

T A B L E 1 Results of simulation study under scenario II when the number of outliers is m = ⌈n∕5⌉ using the z test.

n = 15 n = 30

Bias MSE TIE CP Qp I2 (%) Bias MSE TIE CP Qp I2 (%)

𝜏 = 0

All studies 1.569 2.964 0.258 0.742 0.925 66.7 1.595 2.735 0.636 0.364 0.997 69.8

No outliers 0.015 0.392 0.037 0.963 0.053 9.7 0.009 0.189 0.050 0.950 0.046 7.3

LOSO 0.810 1.333 0.139 0.861 0.478 35.5 0.926 1.176 0.309 0.691 0.754 44.8

(0.059) (0.941) (0.085) (0.915)

ITER 0.287 0.873 0.125 0.875 0.087 9.0 0.160 0.377 0.138 0.862 0.048 4.4

(0.046) (0.954) (0.035) (0.965)

𝜏 = 1

All studies 1.706 3.422 0.235 0.765 0.975 73.0 1.773 3.407 0.648 0.352 0.998 74.9

No outliers −0.004 0.483 0.054 0.946 0.150 19.0 0.034 0.249 0.058 0.942 0.207 18.2

LOSO 0.865 1.511 0.149 0.851 0.613 44.9 1.077 1.604 0.343 0.657 0.877 55.4

(0.052) (0.948) (0.105) (0.895)

ITER 0.253 1.035 0.156 0.844 0.128 12.7 0.223 0.572 0.181 0.819 0.094 8.4

(0.036) (0.964) (0.050) (0.950)

𝜏 = 4

All studies 2.226 6.392 0.217 0.783 0.999 87.7 2.259 5.794 0.510 0.490 1.000 88.6

No outliers 0.012 1.932 0.095 0.905 0.947 73.3 0.048 0.930 0.068 0.932 0.999 77.3

LOSO 1.733 5.160 0.237 0.763 0.990 81.6 1.924 4.718 0.442 0.558 1.000 84.7

(0.116) (0.884) (0.232) (0.768)

ITER 1.159 5.207 0.340 0.660 0.678 57.2 1.255 3.959 0.441 0.559 0.797 62.9

(0.083) (0.917) (0.112) (0.888)

Note: The statistics in the row “All studies” were obtained from meta-analyses containing all studies. No outlier represents the results after removing the true
m outliers. LOSO represents the results after removing outliers identified by the leave-one-study-out method. ITER represents the results after removing
outliers identified by the iterative outlier detection method. Bias shows the bias in the estimated overall effect size; the true effect size 𝜇 = 0. MSE represents
the mean squared errors. TIE represents the type I error rates; CP represents the coverage probabilities of 95% confidence intervals; those inside the
parentheses were produced by bagging. Qp represents the type I error rates or powers of the Q statistic. I2 represents the mean of I2 among the simulation
replications. All results were based on 1000 simulations with 500 bootstrap resampling.

than the leave-one-study-out method, and the number was closer to the actual number of outliers m. Besides, it had
higher sensitivities, indicating that the iterative outlier detection method had a better ability to identify outliers correctly.
The sensitivities of the iterative outlier detection method increased as the number of studies increased, while those of
the leave-one-study-out method decreased. This reveals that the leave-one-study-out method was not optimal for multi-
ple outliers; such an issue can be improved by identifying outliers iteratively. For both methods, it was easier to identify
outliers correctly when the heterogeneity was weak or moderate. In exchange for higher sensitivities, the iterative out-
lier detection method shows slightly lower specificities than the leave-one-study-out method. However, its specificities
remained reasonably high, especially when the studies were less heterogeneous. Of the statistics that measure the accu-
racy of outlier detection, they were all larger (ie, better) when the outliers were detected iteratively, except for the accuracy
under the case that the studies were strongly heterogeneous. In summary, these results show that it was more efficient to
detect outliers iteratively compared to the leave-one-study-out method.

Next, we considered the case when no outlying study was presented in the meta-analysis. Table 3 presents the results
with the same statistics as in Table 1 for n = 15 and 30. When the studies were homogeneous or the heterogeneity was
weak, the iterative outlier detection method showed similar performance to the leave-one-study-out procedure. When the
heterogeneity was substantial, the iterative outlier detection method yielded higher type I error rates and lower coverage
probabilities than that of the leave-one-study-out procedure. However, bagging substantially improves the performance,
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(D) Coverage probability, n = 30

F I G U R E 1 Percentage of bias reduced from the original meta-analysis and coverage probability of simulation study under scenario II
when the number of outliers is m = ⌈n∕5⌉ using the z test. The number of collected studies is 15 in panels (A) and (B); it is 30 in panels (C)
and (D). LOSO represents the results after removing outliers identified by the leave-one-study-out method. ITER represents the results after
removing outliers identified by the iterative outlier detection method. Percentages of reduction in bias from the original meta-analysis by
LOSO and ITER are represented by the blue circles with solid lines and the orange triangles with dashed lines in panels (A) and (C).
Coverage probability of LOSO and ITER are represented by the blue and orange bars in panels (B) and (D).

leading to valid inference for the iterative outlier detection method in most cases. Table 4 presents the number of identi-
fied outliers and their false positive rates for both methods. It appeared that the iterative outlier detection method might
identify more outliers than the leave-one-study-out method when the heterogeneity was high, especially when the num-
ber of studies was large. When outliers were presented, the results were similar (Tables S13, S14, S17, and S18 in the
Supporting Information). One may apply the iterative outlier detection method with caution in such a situation; a more
stringent significance level may be used if substantial heterogeneity is detected.

Additional evidence further showed the bias in the overall effect size estimate 𝜇 was small for both methods under
scenario I (Tables S1–S4 in the Supporting Information). This may be because the outlying studies were evenly distributed
on both sides of the true overall effect size so that the bias could be canceled out. Besides, when the number of outlying
studies was small, the iterative method performed well with smaller biases, lower type I error rates, and higher coverage
probabilities after bagging. The z test and t test derived similar conclusions across all settings; the z test seemed to have
higher accuracy in outlier detection.

4 CASE STUDIES

We illustrate the performance of the proposed iterative outlier detection method through two actual meta-analyses pub-
lished in the Cochrane Database of Systematic Reviews. The first meta-analysis conducted by Fajardo-Bernal et al.48 was
aimed to evaluate the proportion of individuals tested for Chlamydia trachomatis (CT) and Neisseria gonorrhoeae (NG) in
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T A B L E 2 Diagnostic results of simulation study under scenario II when the number of outliers is m = ⌈n∕5⌉ using the z test.

n= 15 n= 30

𝝉 = 0 𝝉 = 1 𝝉 = 4 𝝉 = 0 𝝉 = 1 𝝉 = 4

LOSO ITER LOSO ITER LOSO ITER LOSO ITER LOSO ITER LOSO ITER

Number of outliers 1.341 2.660 1.349 2.952 0.971 2.562 2.224 5.789 2.162 6.357 1.569 5.124

Sensitivity 0.405 0.734 0.415 0.775 0.240 0.502 0.339 0.790 0.333 0.822 0.181 0.499

Specificity 0.989 0.962 0.991 0.948 0.979 0.912 0.992 0.956 0.993 0.941 0.980 0.911

ACC 0.872 0.916 0.876 0.913 0.831 0.830 0.861 0.923 0.861 0.917 0.820 0.829

F1 score 0.535 0.741 0.548 0.751 0.334 0.461 0.481 0.792 0.476 0.786 0.272 0.470

MCC 0.536 0.715 0.551 0.721 0.319 0.413 0.498 0.757 0.496 0.748 0.271 0.420

Youden’s J 0.394 0.696 0.406 0.723 0.219 0.414 0.331 0.747 0.326 0.762 0.160 0.411

Note: The accuracy (ACC) measures the proportion of correct diagnoses, including true positive and true negative, among all studies. F1 score is the harmonic
mean of the precision and recall. The Matthews correlation coefficient (MCC) measures the agreement between the observed and predicted binary classifications.

T A B L E 3 Results of simulation study when there is no actual outlier (m = 0) using the z test.

n = 15 n = 30

Bias MSE TIE CP Qp I2 (%) Bias MSE TIE CP Qp I2 (%)

𝜏 = 0

All studies 0.011 0.298 0.053 0.947 0.040 9.7 −0.012 0.138 0.039 0.961 0.047 7.5

LOSO 0.005 0.342 0.064 0.936 0.008 2.5 −0.014 0.169 0.058 0.942 0.004 1.0

(0.094) (0.906) (0.056) (0.944)

ITER 0.008 0.361 0.071 0.929 0.006 2.3 −0.014 0.191 0.082 0.918 0.004 0.7

(0.093) (0.917) (0.063) (0.937)

𝜏 = 1

All studies 0.007 0.416 0.089 0.911 0.139 17.6 −0.003 0.181 0.072 0.928 0.228 17.8

LOSO 0.002 0.501 0.115 0.885 0.033 5.1 0.009 0.236 0.105 0.895 0.036 5.0

(0.096) (0.904) (0.064) (0.936)

ITER 0.005 0.585 0.144 0.856 0.024 4.0 0.010 0.306 0.147 0.853 0.027 2.9

(0.097) (0.903) (0.067) (0.933)

𝜏 = 4

All studies 0.025 1.554 0.080 0.920 0.966 73.9 0.041 0.733 0.061 0.939 0.999 77.1

LOSO −0.001 1.914 0.167 0.833 0.805 60.1 0.045 0.872 0.123 0.877 0.974 67.4

(0.066) (0.934) (0.053) (0.947)

ITER −0.007 2.579 0.293 0.707 0.535 41.6 0.021 1.483 0.295 0.705 0.675 46.1

(0.054) (0.946) (0.041) (0.959)

Note: The statistics in the row “All studies” were obtained from meta-analyses containing all studies. LOSO represents the results after removing outliers
identified by the leave-one-study-out method. ITER represents the results after removing outliers identified by the iterative outlier detection method. Bias
shows the bias in the estimated overall effect size; the true effect size 𝜇 = 0. MSE represents the mean squared errors. TIE represents the type I error rates; CP
represents the coverage probabilities of 95% confidence intervals; those inside the parentheses were produced by bagging. Qp represents the type I error rates
or powers of the Q statistic. I2 represents the mean of I2 among the simulation replications. All results were based on 1000 simulations with 500 bootstrap
resampling.
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T A B L E 4 Diagnostic results of simulation study when there is no actual outlier (m = 0) using the z test.

n= 15 n= 30

𝝉 = 0 𝝉 = 1 𝝉 = 4 𝝉 = 0 𝝉 = 1 𝝉 = 4

LOSO ITER LOSO ITER LOSO ITER LOSO ITER LOSO ITER LOSO ITER

Number of outliers 0.676 0.677 0.920 0.957 1.046 2.124 1.411 1.441 1.888 2.143 1.718 4.355

False positive rate 0.045 0.045 0.061 0.064 0.070 0.142 0.047 0.048 0.063 0.071 0.057 0.145

home-based specimen collection compared to clinic-based specimen collection. This meta-analysis consisted of 10 stud-
ies with RRs reported originally. The second meta-analysis proposed by Jakobsen et al.49 was aimed to investigate the
effect of direct-acting antivirals (DAAs) on the prevention of sustained virological response, which is used as a surrogate
outcome of morbidity and mortality for hepatitis C virus, compared to the control/placebo group. The trials assessing
the effects of a DAA over or at the median dose were collected in this meta-analysis. This meta-analysis consisted of 34
studies with RRs reported originally.

In the first meta-analysis performed by Fajardo-Bernal et al.,48 the random-effects model was applied due to the high
heterogeneity

(
I2 = 98%

)
. However, study 7 was apparently outlying according to the forest plot shown in Figure 2A.

If study 7 had been removed, the remaining studies would have been much more homogeneous; thus, we tried to fit
both common-effect and random-effects models. Figure 2B presents the studentized deleted residuals (without iteration)
using both models. Under the common-effect setting, all studies except study 5 had large studentized deleted residuals.
Therefore, the leave-one-study-out procedure adopting a common-effect model may be inappropriate due to the impact
of multiple and extreme outlying studies. Under the random-effects setting, the leave-one-study-out procedure identified
only study 7 as a potential outlier. The iterative outlier detection method identified the same outlying studies 7, 6, 5, and 2
under both common- and random-effects settings. The following results are presented under the random-effects setting.

Table 5 presents the original meta-analysis and the meta-analyses after performing sensitivity analyses with poten-
tial outlying studies removed. The estimated overall effect size 𝜇 for the original meta-analysis was greatly impacted by
the outlying study with a large SE. The P value of the Q test was extremely small (<.0001); I2 = 98% suggested substan-
tial between-study heterogeneity. When study 7 was removed by applying the leave-one-study-out procedure, 𝜇 became
smaller with a noticeably reduced SE. Accounting for the effect of model selection, the bagging procedure provided a
smaller estimated overall effect size with a wider 95% CI. The P value of the Q test remained less than .0001; the hetero-
geneity measure did not change much

(
I2 = 95%

)
. The substantial heterogeneity in the remaining studies indicated the

possibility that the leave-one-study-out procedure might not be sufficient in this meta-analysis.
We then performed the iterative outlier detection method. The outliers identified were studies 7, 6, 5, and 2. When the

four studies were removed, the estimated overall effect size was less than that in the original meta-analysis but greater
than that when only study 7 was removed. This was expected because these four studies were on both sides of 𝜇. The SE
was reduced due to the removal of outliers. Bagging generated a smaller 𝜇 and a wider CI that may improve the coverage
of the true overall effect size. The Q statistic turned non-significant, indicating the remaining studies were homogeneous.
Also, I2 reduced noticeably

(
I2 = 31%

)
. Therefore, the heterogeneity may be caused by these potential outlying studies.

However, due to the low number of studies in total, clinical justification may be needed for whether an outlying study
should be removed or not. Even if only parts of the identified outliers should be removed, the order of removing certain
outlying studies was clear, and the impact of outlying studies could be reduced.

The outlier detection may be able to provide some insights for clinicians. For example, study 7 was detected by
both methods. This study happened to have a significantly larger sample size than the other collected studies in this
meta-analysis but had relatively few events in the clinical group. The reason might be this study was conducted in an
early year (in 1998), and the population was high school students. Teenagers might not want to get tested for Chlamy-
dia trachomatis (CT) and Neisseria gonorrhoeae (NG) from their doctors or at a local clinic. Another perspective is by
our proposed iterative method, studies 7, 6, and 5 were considered potential outliers. We noticed that those three studies’
inclusion criteria did not require CT positive but only those who were willing to participate. Thus, the CT diagnosis status
may be a factor for subgroup analysis.

In the second meta-analysis performed by Jakobsen et al.,49 the random-effects diagnostic procedure was performed.
Figure 2C shows the forest plot with the observed log RRs and their within-study 95% CIs. Study 11 seemed to be outly-
ing; the rest of the studies tended to be heterogeneous. Figure 2D shows the study-specific studentized deleted residuals
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MENG et al. 1559

F I G U R E 2 Forest plots and studentized deleted residual plots of two actual meta-analyses. The upper panels show the meta-analysis
conducted by Fajardo-Bernal et al.48; the lower panels show the meta-analysis conducted by Jakobsen et al.49 In panels (A) and (C), the
column “Est” contains log relative risks; “Lower” and “Upper” are the lower and upper bounds of 95% confidence intervals. In panels (B) and
(D), the unfilled dots (squares) represent studentized deleted residuals (with absolute value greater than 4) under the common-effect setting;
the filled dots (star) represent studentized deleted residuals (with absolute value greater than 4) under the random-effects setting.

achieved by the leave-one-study-out method using the random-effects model. The magnitude of the residual of study 11
was over 7, indicating that this study was an apparent outlier when the leave-one-study-out method was applied.

The results of this meta-analysis are summarized in Table 5. For the original meta-analysis, the studies were strongly
heterogeneous according to the Q test and the large I2, with an effect size of −0.901 (95% CI: −1.213 to −0.587). We then
performed the sensitivity analysis. With study 11 removed, the estimated overall effect size increased with a smaller SE,
meaning that the difference between the experimental and control groups may actually be smaller. The Q statistic was
still significant with P < .0001. The I2 was reduced by more than 30% in absolute magnitude but remained fairly high
(larger than or close to 50%), indicating substantial heterogeneity. Besides study 11, the iterative outlier detection method
further identified studies 23, 5, and 26 as potential outliers. The effect sizes (−4.671, 0.115,−1.767, and 0.981 accordingly)

 10970258, 2024, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sim

.10008 by Jingshen W
ang - U

niv of C
alifornia L

aw
rence B

erkeley N
ational L

ab , W
iley O

nline L
ibrary on [24/09/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense
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T A B L E 5 Results for the two actual meta-analyses.

After removing outliers

Removed studies 𝝁 SE P value 95% CI 𝝉
2

P value of
Q test I2 (%)

Meta-analysis by Fajardo-Bernal et al.48

Original None 0.704 0.269 0.0089 0.176 to 1.232 0.709 <0.0001 98.2

LOSO 7 0.422 0.096 <0.0001 0.233 to 0.611 0.070 <0.0001 94.7

(0.481) (0.163) (0.0031) (0.160 to 0.801)

ITER 7, 6, 5, 2 0.577 0.060 <0.0001 0.459 to 0.695 0.006 0.2006 31.3

(0.504) (0.177) (0.0040) (0.157 to 0.850)

7, 6 0.479 0.085 <0.0001 0.312 to 0.646 0.042 <0.0001 78.5

7, 6, 5 0.530 0.069 <0.0001 0.395 to 0.666 0.019 0.0137 62.5

Meta-analysis by Jakobsen et al.49

Original None −0.901 0.160 <0.0001 −1.213 to −0.587 0.600 <0.0001 78.7

LOSO 11 −0.763 0.088 <0.0001 −0.935 to −0.590 0.105 <0.0001 55.7

(−0.772) (0.098) (<0.0001) (−0.965 to −0.580)

ITER 11, 23, 5, 26 −0.796 0.075 <0.0001 −0.942 to −0.649 0.050 0.0196 38.0

(−0.806) (0.126) (<0.0001) (−1.052 to −0.560)

Note: The values and 95% confidence intervals inside parentheses were produced by bagging.

of the identified four studies fell outside of the 95% CI in the original meta-analysis under the random-effects setting
where the heterogeneity was accounted for. With the four studies removed, the estimated overall effect size increased as
well, with a reduced SE. The P value of the Q statistic changed noticeably even though it still rejected the null hypothesis
of homogeneity. The I2 reduced dramatically, indicating weak or moderate heterogeneity. Therefore, the iterative outlier
detection method might perform better when the studies were heterogeneous, and the remaining studies may continue
to contain statistical heterogeneity. In both the leave-one-study-out and iterative outlier detection procedures, bagging
generated larger SEs with wider 95% CIs, which may provide better coverage probabilities of the truth.

We further tested our method on an additional meta-analysis conducted by Olliaro and Mussano.50 The forest plot,
studentized deleted residuals plot, results, and illustrations can be found in the Supporting Information.

5 DISCUSSION

This article proposes an iterative procedure for detecting outlying studies. It can be broadly applied to a wide range of
meta-analyses with various effect measures. Our approaches could identify outliers more accurately than the conven-
tional leave-one-study-out procedures, as shown in the simulation studies. However, if a high heterogeneity is initially
assessed, our approach may be used cautiously for the risk of false exclusion. The two case studies in the main manuscript
and the additional case study in the supplementary have illustrated that different outlier detection methods could lead
to fairly different conclusions. The scientific community continues to have concerns about research reproducibility and
replicability. A systematic review might contain more than one study that could not be reproduced and may not replicate
other studies on the same research question. The leave-one-study-out procedure could not rule out the impact of mul-
tiple outliers on the residuals used for outlier detection. The iterative outlier detection method is particularly useful in
such cases.

Nevertheless, our approach has several limitations. First, the iterative outlier detection method is built on the conven-
tional meta-analysis models, which assume within-study effect sizes follow normal distributions and treat within-study
SEs as fixed values. In the random-effects setting, the between-study heterogeneity is also modeled with a normal distribu-
tion. These assumptions may be problematic, for example, in the case of small sample sizes.51,52 Similar ideas of iterative
algorithms for outlier detection could be extended to one-stage meta-analysis methods, such as generalized linear mixed
models or Bayesian hierarchical models.53-56 We leave these as future projects.

 10970258, 2024, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sim

.10008 by Jingshen W
ang - U

niv of C
alifornia L

aw
rence B

erkeley N
ational L

ab , W
iley O

nline L
ibrary on [24/09/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



MENG et al. 1561

Second, this article only considers outlying studies from a statistical perspective. While it is critical to incorporate
the clinical interpretations of studies’ results in the outlier assessment, our criteria for declaring an outlying study are
entirely based on studentized deleted residuals and their significance. In practice, one may consider using a cutoff other
than P < .05 for outlier detection as they see fit. Clinical experts can also provide guidance to overwrite the selection
criterion. Furthermore, our method should be used in a sensitivity analysis of removing identified outliers. We may bor-
row opinions from clinical experts to assess whether an extremely large effect size is realistic. Besides, our method could
possibly provide a perspective about whether the clinical heterogeneity is caused by a certain factor; for example, the iden-
tified outlying studies are crossover studies, while the remaining studies are randomized control trials and observational
studies.

Third, our approach does not involve assessing the quality of studies. Even if some studies are detected as outliers, it
does not mean they are of low quality. Clinical heterogeneity might explain the differences between the detected outliers
and the remaining studies. For example, a meta-analysis might contain seven studies primarily with younger populations
and three studies primarily with older populations, while effect sizes may depend greatly on population ages. The latter
three studies might be detected as outliers. In such cases, systematic reviewers should perform separate subgroup analyses
based on the study-level clinical characteristics.
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