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Abstract

Publication bias frequently appears in meta-analyses when the included studies’ results (e.g., p-
values) influence the studies’ publication processes. Some unfavorable studies may be suppressed
from publication, so the meta-analytic results may be biased toward an artificially favorable
direction. Many statistical tests have been proposed to detect publication bias in recent two
decades. However, they often make dramatically different assumptions about the cause of
publication bias; therefore, they are usually powerful only in certain cases that support their
particular assumptions, while their powers may be fairly low in many other cases. Although
several simulation studies have been carried out to compare different tests’ powers under various
situations, it is typically infeasible to justify the exact mechanism of publication bias in a real-
world meta-analysis and thus select the corresponding optimal publication bias test. We introduce
a hybrid test for publication bias by synthesizing various tests and incorporating their benefits, so
that it maintains relatively high powers across various mechanisms of publication bias. The
superior performance of the proposed hybrid test is illustrated using simulation studies and three
real-world meta-analyses with different effect sizes. It is compared with many existing methods,
including the commonly-used regression and rank tests, and the trim-and-fill method.
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1 Introduction

Meta-analysis has been a widely-used tool to synthesize and compare the results from
multiple studies; however, its validity is often challenged by potential publication bias
caused by the underreporting of non-significant results or unfavorable evidence.! Publication
bias may exaggerate the synthesized results in an artificially favorable direction.? In an effort
to assess the quality or certainty in evidence of meta-analytic results, various methods have
been proposed to detect publication bias.3-8 A popular and intuitive method is to examine
the asymmetry of the funnel plot, which displays study-specific effect sizes against their
standard errors or other precision measures.”-8 If publication bias does not exist, the studies’
effect sizes should be distributed evenly on both sides of the overall average, so the funnel
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plot is expected to be approximately symmetric. An asymmetric funnel plot is a sign of the
presence of publication bias. Because interpreting the funnel plot may be fairly subjective,
quantitative methods have been further introduced to test for or quantify publication bias.
These include the widely-used rank test,? the regression test,19 and the trim-and-fill method.
11 Many alternatives, such as various modified regression tests'213 and the skewness,14 are
also available and may be preferred in particular situations.

A major limitation of nearly all current methods for publication bias is that they usually have
low statistical powers. For example, the trim-and-fill method performs well when its
assumption (i.e., the suppression of studies is based on the magnitudes of their effect sizes)
is roughly satisfied; otherwise, it is not powerful, especially when the heterogeneity between
studies is substantial.1> Some tests, such as the rank test, may be rather conservative and
may not be recommended in many cases.1® Another important drawback of some
publication bias tests (e.g., Egger’s regression) is that their type | error rates may be inflated.
17 This happens when the intrinsic association between the study-specific effect sizes and
their sample variances is substantial. For example, for the odds ratio, risk ratio, or risk
difference for binary outcomes, its point estimate and sample variance are both based on the
four data cells in the 2 x 2 table, so they are dependent even if no publication bias appears.13
For continuous outcomes, the standardized mean difference and its sample variance are also
mathematically associated, and Egger’s regression test may be still subject to inflated type |
error rates.18-20

In an empirical study of nearly 30,000 meta-analyses, the results produced by different
methods have been found to have only low or moderate agreement for detecting publication
bias.2! No test uniformly outperforms others, so the conclusion about publication bias may
not be based on a single method. As different methods are preferred in different situations,
an ideal method would be to accurately identify a specific situation for a given meta-analysis
and to apply the corresponding preferred publication bias test. However, in practice, it is
infeasible to ascertain the conditions in which a specific publication bias test is preferred,
especially when the number of studies is small.

This article proposes a hybrid test for publication bias that synthesizes information from a
set of different tests. It avoids the unrealistic task of finding the optimal publication bias test.
Because it borrows strengths from various tests, its power can be close to that of the optimal
test across different situations. This article is organized as follows. Section 2 reviews several
existing tests for publication bias. Based on them, Section 3 introduces the hybrid test and
the procedure to calculate its p-value. Sections 4 and 5 present numerical results produced
by the hybrid test and compare them with those produced by the existing tests via simulation
studies and real data analyses. Section 6 provides a brief discussion.

2 Existing tests for publication bias

Consider a meta-analysis consisting of AVstudies. Let y; s, and 77;be the reported effect

size, its sample variance, and the total sample size in study / respectively (/i=1, ..., N). If
the outcome is binary, n7pg and 1751 denote the numbers of subjects without and with the
outcome event in study 7’s control group, and 77,0 and 77,1 denote those in the treatment
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group. Also, let np. = npo + npg and nj. = npg + 171 be the sample sizes in the control and
treatment groups, respectively; let nig = npo + Nio and 1741 = Ny + Npq be the total
numbers of subjects without and with the event, respectively. We may classify the various
existing tests for publication bias into two groups based on the types of outcomes as follows.

2.1 Publication bias tests for generic outcomes
Begg and Mazumdar® proposed to assess the association between the standardized effect
size and its standard error. Specifically, each study’s standardized effect size is defined as
v = (yi—0)/s¢, where 8 = ¥/ ;572 21 1572 is the fixed-effect estimate of the overall

i
. 5 N 217172 .
effect size fand s = [s,. - (Zj =15} ) ] is the standard error of the numerator y; — 6.

Begg’s rank test uses Kendall’s tau to examine the association between y and s, and it can

be applied to all types of outcomes. However, its statistical power may be very low in some
cases.16 We denote this test by 7ank.

Instead of using the rank test to examine the funnel plot’s asymmetry, Egger et al.10
considered regressing the standard normal deviate, calculated as y/{/s;, against the inverse of
the standard error 1/s;. The regression intercept is expected to be zero in the absence of
publication bias, and Egger’s regression test examines if the intercept is zero. This is

equivalent to directly regressing y;against s;with weights 1/s7 and testing if the regression
slope is zero; that is,

yi=a+ fs;+e€, €,~~N(0, S,Z) (1)

Denote this test by 7yeq. Here, we assume the error terms ¢, follow the normal distributions
with mean zero and known sample variances s?; thus, the true regression model under the

null hypothesis of the slope = 0 yields the fixed-effect meta-analysis model. One may also
assume that the error terms have variances os? with the unknown under- or over-dispersion

parameter ¢ > 0. This assumption corresponds to the meta-analysis model with
multiplicative heterogeneity,22 which is not often used in practice.

Compared with the multiplicative heterogeneity, the additive heterogeneity assumption is
much more popular in meta-analysis. A modified regression test for publication bias can be
derived based on this assumption; that is, we can test if the slope is zero in the regression:

yi=a+ fs;+ ¢, €i~N(O, s,»2 + 72), 2

where the error terms incorporate the additive between-study variance 2. We denote this
modified regression test by 7req.het- When 7 is estimated as zero (i.e., no heterogeneity),
this is identical to the original Egger’s regression in Equation (1). In practice, this test can be
implemented using the two-step method which was introduced by Thompson and Sharp??
for meta-regression. Specifically, consider the weighted regression with a general predictor
x;as follows:
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yi=a+ fx;+e, e,~~N(O, s,-2 + 1'2) . (3)
The predictor x;is the within-study standard error s;in the modified Egger’s test in Equation
(2). First, the heterogeneity variance 72 can be estimated as 2= max[o, [O—- (N - 2)]/F}

based on the method of moments, where 0 = ¥ jwi(yi— @ - /?x,-)z, w; = 1/s7,and @ and

are the estimates from the regression that does not incorporate the heterogeneity variance as
in Equation (1). Also, the denominator Fis calculated as

N 2«N 2 N 2. vN N N 2.2
Vi = Wi X = 1 Wiy = 2% = (WX X = | WiXj + 2= | Wi X = | Wi X

N N 2 N 2
Yi= W= Wi — (Zi = lwixi)

N
F = Zwi
i=1

Then, the 2% is plugged in Equation (3), and the test 7yeqnet Can be performed by examining
whether the updated estimate of the slope S departs from zero.

Based on the foregoing regressions, Lin and Chul# further proposed to quantify publication
bias using the skewness of the standardized regression errors €7s;in Equation (1) or

e;/\/s? + 72 in Equation (2). The skewness is calculated as m3/m3'2, where m and s are the

sample second and third central moments of the standardized errors, respectively. If no
publication bias appears, the errors should be approximately symmetric around zero; if the
magnitude of publication bias increases, the skewness of the errors is away from zero. Thus,
the skewness can serve as a test statistic for publication bias. The asymptotic properties of
the skewness have been studied, but they may not perform well when the number of studies
Nis small.1* The resampling method is an alternative to properly calculate the p-value of the
skewness-based test. We denote this test by 7qe if using the standardized errors from the
original Egger’s regression in Equation (1) and by 7gkew-het if using those from the modified
regression in Equation (2) that accounts for the additive heterogeneity.

The predictors in the above regressions are based on the standard errors. Tang and Liu23
introduced a similar regression test derived from the sample-size-based funnel plot, which
presents each study’s total sample size 7; instead of its standard error s;, on the vertical axis.
Specifically, the study-specific effect size y;is regressed against 1/\/;1 with weights 7;; again,
we test if the regression slope is zero. The sample size 7;is pre-specified when designing a
study and is typically independent of the outcome measure y;; therefore, the sample-size-
based regression test may avoid the problem of the potential intrinsic association between y;
and s; (e.g., for the standardized mean difference) in standard-error-based regressions, which
may lead to inflated type | error rates. We denote this test by 7iny-sgrt-n-

Instead of testing for the association between the effect sizes and certain precision measures,
the trim-and-fill method proposed by Duval and Tweediell aims to identify potentially
suppressed studies. This method assumes that the suppressed studies have the most negative
(or positive) effect sizes, which cause the asymmetry of the funnel plot. Three statistics (i.e.,
R, Lo, and Q) are available to estimate the number of suppressed studies; among them, the
Ry and L statistics have been recommended based on simulation results and real data
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analyses.24:25 This article will use the L statistic, because it is considered more robust to the
violation of the trim-and-fill method’s assumption.! The trim-and-fill method has been
attractive because it not only detects but also adjusts for publication bias by incorporating
the imputed suppressed studies. However, its performance may be poor in the presence of
substantial heterogeneity.1® We denote the test based on the trim-and-fill method by Tiim-ill-

2.2 Publication bias tests for binary outcomes

The methods in Section 2.1 are designed for generic outcomes. When the outcomes are
binary, the reported effect size (typically the odds ratio on a logarithmic scale, estimated as

n00n; 11

01110
within each study both depend on all four data cells in the 2 x 2 table, so they are
intrinsically associated, likely leading to inflated type I error rates. Several methods have
been specially designed to reduce such inflation when testing for publication bias in meta-
analyses with binary outcomes.

vi= ) and its sample variance (s? = njpd + nigh + ni7d + ni71 for the log odds ratio)

Like the regression test by Tang and Liu,23 the tests proposed by Macaskill et al.12 and
Peters et al.13 are also based on the total sample sizes. Specifically, Macaskill et al.12
suggested to regress the log odds ratio y;against the sample size n;with weights r.07.1/1;,
and Peters et al.13 regressed the log odds ratio y;against 1/7;with the same weights 740/71/
n;. We denote these two tests by 7, and 7. accordingly.

Riicker et al.28 considered removing the intrinsic association between the log odds ratio and
its sample variance by using the arcsine transformation. They proposed to use the arcsine-
. nj nj . . .
transformed effect size 4, = arcsindn_’l11 - arcsim/n.l(;)l . Its sample variance is approximately
i11e 1V e

1 1
Fi= 4ni0 o * 4ni1 o

by the delta method, which is free of the event counts 1 and 7;11.

Consequently, they suggested to replace the y;and s7 in Begg’s rank test and Egger’s

regression test with the arcsine-transformed A;and I';. Specifically, the arcsine-based rank
test (i.e., the counterpart of Begg’s rank test) examines the correlation between A;and T';.
The arcsine-based regression test (i.e., the counterpart of Egger’s regression test) examines if
the slope is zero in:

A= a+ﬂ\/7,~+€,~, €[~N(0,F[).

Also, the above regression can be modified by incorporating the additive heterogeneity:
Ai=a+ ﬂ\/ﬁ + €}, €,‘~N(0, I+ 72),

which corresponds to the modified Egger’s regression in Equation (2). We denote these three

arcsine-based tests by 7as.rank, 7As-regs aNd 7as.reg-het accordingly.

Jin et al.2” also considered a method using the smoothed variance of the log odds ratio to
reduce the intrinsic correlation between the log odds ratio and its sample variance. The
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smoothed variance is calculated as
2 - -1 ~ -1 ~ -1 - -1
57 =(moemo0)  +(moeo1)  +(m1e®i0) +(m1e11) ", Where
n; n; .
For=1-7gp=N""'3TN 1% and 7y = 1 - 70= N~ 3V 1%. Replacing the sample
Ve 11 e
variance s7 with the smoothed variance 57, one can test if the slope is zero in:

yi=a+p5;+e€, €,‘~N(0, 512),

or in the weighted regression incorporating the additive heterogeneity variance:

yi = a+ fs;+e¢, e,wN(O, 512 + ‘rz).

We denote these two tests by 7smoothed @Nd 7smoothed-het accordingly. The estimates in
Tas-reg-het aNd Tsmoothed-het Can be obtained using the same procedure for the regression in
Equation (3).

Furthermore, Harbord et al.28 introduced a modified regression test for publication bias
based on the score function. The efficient score for the log odds ratio is Z;= npq1 — npnpdn;
and the score variance is V; = njg o ni1 « 1 ¢ 07 o 1/[1(n; — 1)]- This method tests if the
intercept is zero in the regression of Zi/\/7,~ against \/17, equivalently, it tests if the slope is
zero in the regression of Z/ Vjagainst 1/\/71‘ with weights V. We denote this test by 7gcore.

Finally, Schwarzer et al.2? proposed a publication bias test for sparse binary outcomes,
ni00%i11

101110

where the usual estimate of the odds ratio may not be accurate and requires a

continuity correction (typically 0.5) if zero counts are present. Conditional on the marginal
total counts in the 2 x 2 table, the event count in the treatment group 77,11 in each study
follows a non-central hypergeometric distribution with the probability mass function

nil e |\["i0e | n;
ll/illl
ni11 )\"iol1

"ilo)( ni0 o J .
Vi
x J\hiel—X

where yis the true odds ratio in study 7and %; = {max(0,7; ¢ | = 70 e )> ---» MiN(7; ¢ 1,11 e )}

Pr(ni111nj0 o 11 0+ 1 o 13¥i) =

er%i

is the range of all possible values for 77;11. The expectation and variance of 711, E(11; ¥))
and Var(n1,1; v, can be calculated based on this probability mass function. Similar to
Begg’s rank test, Schwarzer et al.2° considered Kendall’s tau between the standardized cell
count »};; and the variance of the log odds ratio »;*. Using the Mantel-Haenszel odds ratio

ni11 — E(nj11; WMH)
172

N
i = 1m00mi11/7

, the standardized cell count is n}} | = and the

S 1 nio1nio/n [Var(n;11: wmH)]
variance of the log odds ratio is approximately v} = 1/Var(n;11; wpp). We denote this test by

WMH =

Tcount-
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3 Hybrid test for publication bias
3.1 Definition

The various existing publication bias tests in Section 2 are derived under different
assumptions and may be powerful only in certain situations. It is infeasible to validate the
assumptions and identify the most powerful test for a specific meta-analysis. Due to this
difficulty, we propose a hybrid test that can borrow strengths from the various tests.

Consider applying a set of tests 7 to detect publication bias in a meta-analysis, and let Px be
the p-value of the test X 'contained in 7. For example, Fq is the p-value of Egger’s
regression test. Then, the test statistic of the hybrid test is calculated as the minimum of the
p-values produced by the various tests in 7. This idea has been used to test for the
differences between high-dimensional mean vectors,30-32 where the available tests’ powers
depend highly on the sparsity of the mean difference vector and the uniformly most
powerful test may not exist. Specifically, we define the test statistic of the hybrid test as

Thybrid = ?Hé gPx-

Note that 7hyprig cannot be directly used as a p-value because it cannot control the type |
error rate. We can use the resampling method to obtain the p-value of the hybrid test,
denoted by Ayprig-3>3* Such a resampling method has been used by Takkouche et al.35 to
test for heterogeneity and by Lin and Chul to test for publication bias in meta-analyses.
Under the setting of testing for publication bias, the fundamental idea is to: 1) estimate
meta-analysis parameters (including the overall effect size and the between-study variance)
under the null hypothesis (i.e., no publication bias) via an usual meta-analysis method; 2)
resample many meta-analyses under the null to form the test statistic’s empirical null
distribution; and 3) calculate the tail probability for the observed test statistic as the p-value.
We continue to use the notation in Section 2, and the detailed procedures are described as
follows.

3.2 Calculation of the p-value for generic outcomes

For meta-analyses with generic outcomes, the set  can include any publication bias test

reviewed in Section 2.1. Recall that {(y;, s7, n,-)}N are the observed effect sizes, their

i=1
sample variances, and the sample sizes in a meta-analysis with A/studies. First, under the
null hypothesis of no publication bias, we obtain the estimated overall effect size 6 and the

estimated between-study variance 7 for the A/studies. This article uses the random-effects
meta-analysis model to estimate the foregoing parameters, because heterogeneity is often
expected in meta-analyses.38 The hybrid test statistic is calculated as Thybrig from these
original N/studies. Second, we generate a total of B (say, B=10,000) resampled meta-
analyses under the null hypothesis. Specifically, for the fth resampled meta-analysis, we

sample NV within-study variances from those of the original NV studies {s,z}lN: | with

N

replacement and denote them by [(s}b))zl |- Such resampling with replacement essentially

1=
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treats the originally observed data as the whole population, and the resampled data are the
new “observed” data; it has been used in many meta-analysis methods.33:35:37-39 Alsg,

denote the sample sizes of the corresponding resampled studies by {n (b)} . Moreover, the
resampled studies’ effect sizes are generated from y{®~ N( (s (”)) ) Thus, we can obtain
the p-values of all tests in the set g~ and calculate the hybrid test statistic Tﬁ’?bnd for each

B o .
resampled meta-analysis. Finally, {Thybrld ]b form a null distribution of the hybrid test

statistic. Because a smaller value of the hybrid test statistic indicates more significant
publication bias, the p-value of the hybrid test is calculated as

B
Puybria = (B+ D" Y [1{Tijhria < Thyoria )+ 1]: (@)
b=1

where /() is the indicator function. Also, the constant 1 is artificially added to both the
numerator and denominator to avoid calculating small p-values as exactly 0. Without such
adjustment, a truly small p-value may be calculated as 0 if the number of resampling
iterations Bis insufficient. In addition, note that only the test 7jny_sqrt.n in Section 2.1
requires the sample sizes 7, if this test is not in the set 7, we do not need to resample the
sample sizes in the foregoing procedure.

The theoretical asymptotic properties of some publication bias tests in the set 9 may not
perform well, especially when the number of studies Ais small, and thus p-values based on
their theoretical null distributions may be inaccurate. Alternatively, we can also use a similar
resampling method to obtain their p-values. It is straightforward to calculate these p-values
and thus the hybrid test’s p-value using a double resampling procedure with B(8 + 1)
resampled meta-analyses, but this is not efficient. In fact, a single loop of resampling with
the above Bresampled meta-analyses is sufficient for the same purpose.

Specifically, for each test X'in the set 77, we can calculate its test statistic in the original and
B .

Bresampled meta-analyses, denoted by 7xand {Tg?)]b _r respectively. Then, the

resampling-based p-value of the test X'in the original meta-analysis can be calculated as

Py=(B+ 1)'1[21,B= { I(lTS’(’)I > ITXI) + 1]. Note that inequality sign in the indicator function

here differs from that in Equation (4) for the hybrid test, because more significant
publication bias is indicated by a larger, instead of smaller, absolute value of the test statistic
for any test in 7. Moreover, we need the p-values of the test X'in all B resampled meta-

analyses to calculate the corresponding hybrid test statistics Tff;)brid. In the £th resampled
meta-analysis, we can use the other B - 1 resampled meta-analyses to construct the null
distribution of the test X, which is formed T(C)(c =1,2,..., Band ¢ # b). Thus, the p-value of
the test Xin the &th resampled meta-analysis is calculated as

P&'}) [2 + bI(IT(C)I > IT(b) ) + 1]. Consequently, using these resampling-based p-values,

Stat Methods Med Res. Author manuscript; available in PMC 2020 October 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Lin Page 9

the hybrid test statistics can be obtained in the original and all resampled meta-analyses, and
the p-value of the hybrid test can be thus calculated as in Equation (4).

3.3 Calculation of the p-value for binary outcomes

For meta-analyses with binary outcomes, the set 9~ may include any test in both Sections 2.1
and 2.2. The tests that are specially designed for binary outcomes in Section 2.2 require the
four cell counts in the 2 x 2 table in each study. If these tests are in the set 7, the above
resampling procedure for generic outcomes cannot be directly used, because it does not
resample the cell counts in the 2 x 2 tables.

Consider a meta-analysis containing A studies with binary outcomes, and npg, 7751, 10, and
npq are the four cell counts in study 7 Recall that 1. and 771, are the sample sizes in the
control and treatment groups, respectively. The log odds ratios y;and its within-study
variances s7 can be estimated using these counts, and a continuity correction (usually 0.5) is
applied for studies with zero counts. Such a correction is not needed for the test 7.qunt
because this test directly models the event counts in the treatment groups. In addition, we
can estimate the event rate in each study as 7y = n;jg1/njg e (after the continuity correction if
necessary). To calculate the p-value of the hybrid test for binary outcomes, we propose an
alternative resampling procedure based on the cell counts as follows.

First, as in the resampling procedure in Section 3.2, we obtain the estimated overall log odds

ratio 6, the estimated between-study variance 22, and the hybrid test statistic 7hyprig for the

original meta-analysis. Second, we generate a total of B resampled meta-analyses under the
null hypothesis of no publication bias. Specifically, for the £th resampled meta-analysis, we
similarly sample N within-study variances from those of the original N studies with

replacement, and denote them by [( @) ] . The corresponding group-specific sample
i=

sizes and the control group’s event rate estimates are denoted by [( (b) n A(b))] v . The
=

Nile>
study-specific observed log odds ratios { (”)}i are sampled from ()~ N( (s (”)) ) To
obtain the four cell counts n (), n{2), n%) and #?) in the 2 x 2 table in each resampled study

with the observed effect size y* and the within-study variance (sl(b))z, we can solve the

following equations

-
;zl%’)/(l - zﬁb)) ’

i0

(T = oA~ -
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with respect to 'y’ and . The above two equations can be simplified as a single quadratic

equation with respect to z{2. If z&) has two roots, we select the one closer to 7). Also, the
roots below zero and above one are truncated at zero and one, respectively. Denote the

estimated event rates by n'(b) and zrfll’), based on them, the four cell counts in each resampled

study are calculated as n8) = ), 70, n&) = n® ( ~(b)), n® = n® 7 and

nf{’()) = n}{’). (1 - n(b)) and they are rounded to the corresponding nearest integers. Using the
obtained four cell counts in all resampled studies, we calculate the p—value of each
publication bias test in the set 5 and thus the hybrid test statistic Thybrld Finally, the hybrid

test’s p-value is obtained as in Equation (4).

4 Simulation studies

4.1 Simulation designs

This section presents simulation studies to compare the performance of various tests for
publication bias, including the proposed hybrid test, in terms of their type | error rates and
statistical powers. We simulated meta-analyses with continuous and binary outcomes under
various settings. For simulated meta-analyses with continuous outcomes, we used the
standardized mean difference as the effect size, and all seven publication bias tests reviewed
in Section 2.1 were applied to each meta-analysis; the hybrid test was based on the p-values
of these seven tests. For simulated meta-analyses with binary outcomes, we used the log
odds ratio as the effect size, and all sixteen tests reviewed in both Sections 2.1 and 2.2 were
applied; the hybrid test was based on the p-values of these sixteen tests. In addition, for the
publication bias tests except the hybrid test, their p-values were obtained using their test
statistics’ theoretical null distributions and also the resampling method introduced in
Sections 3.2 and 3.3. The hybrid test statistic was calculated using both the theoretical and
resampling-based p-values of the existing tests included in the set 7; its p-value could be
only calculated using the resampling method.

Each simulated meta-analysis originally consisted of &/= 20 or 50 studies. The within-study
total sample size n;was set to 100, 200, ..., 500 for the same number (i.e., M/5) of studies.
The treatment allocation ratio was set to 1, which is common in many randomized controlled
trials; therefore, the sample sizes in the control and treatment groups were . = 1. = 12
in each simulated study. We generated 500 replications for each simulation setting, and the
resampling method was based on B = 200 iterations. The numbers of replications and
resampling iterations were not set to be large because the rampling method was relatively
time-consuming. The significance level for publication bias was set to 10%, because
publication bias tests usually had low statistical powers in many cases.

To evaluate the type | error rates of the various publication bias tests, we generated the
study-specific effect sizes and their within-study variances under the null hypothesis of no
publication bias. This generation process depended on the types of effect sizes and will be
detailed below. To evaluate the tests’ statistical powers, we artificially suppressed certain
studies under three scenarios to induce publication bias. Scenario i suppressed studies with
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the most negative effect sizes, so it met the assumption used by the trim-and-fill method and
thus favored this method. Scenario ii suppressed studies with the largest p-values of one-
tailed testing (whose alternative hypothesis was that the studies’ true effect sizes were
positive). In practice, large studies with many subjects could be still published even if their
results were unfavorable. Therefore, similar to scenario ii, we additionally considered
scenario iii, in which the suppression was also based on the one-sided p-values but was
limited to the studies with the smallest 0.8 Vsample sizes. The largest 0.2/ studies were
always included in the meta-analysis, regardless of their effect sizes and p-values. The
number of suppressed studies min all three suppression scenarios was set to 0.2/ or 0.4N.

To generate standardized mean differences, we first sampled the study-specific true standard
deviations oy of the subjects’ outcome measures from {(1,5) in the A/studies in a simulated
meta-analysis, and this set of o;was used for all replications under each simulation setting.
The true overall standardized mean difference was set to 6= 0 or 0.8, and the true between-
study standard deviation was set to = 0 (homogeneity) or 0.2 (heterogeneity). The study-
specific true standardized mean differences were generated from 6;~ M6, 7) in the N/
studies. Without loss of generality, the true mean outcome measure in the control group in
each study was set to ip = 0, and that in the treatment group was i = Up + Gjo;.

Consequently, the continuous outcome measures of the subjects in study 7were generated as
yioj~N mio. o7) in the control group (= 1,2, ..., 7p.) and y;1,~N(s;1, o7) in the treatment
group (k=1,2, ..., ny.). Using these individual data, we calculated the sample means

10 e

510 = g 272\ viojand 51 = njy'y Ty'LY yik, and the pooled sample variance

2 2
2 (nioe = Dsig+(mi1e —1)si7 .. . . 2 —1gM0e (= 2
sip = P TE— within each study; here, sip = (moe — 1) X2 (vio; = ¥i0)

and 57 = (m1 e — 1) 331" (vi14 — 3i1)* were the sample variances in the two groups. We

used Cohen’s d'to estimate the standardized mean difference, because the sample sizes in
our simulation studies were relatively large and thus the bias adjustment provided by
Hedges’ g was small.1240 The point estimate of the standardized mean difference in each
study was y; = (¥;1 — ¥io)/s;p and its within-study variance was approximated as

s? = noly + 17l +37/[2(nig« +ni1 e — 2)]- The publication bias tests in Section 2.1 and the

hybrid test were performed for the simulated data {(y;, s?, n,-)}l.N= N
To generate log odds ratios, the true event rates pp of the binary outcome in the control
groups were sampled from (/0.3,0.7) (common events) or ({0.05,0.1) (relatively rare
events) in the A/studies in a simulated meta-analysis; each set of pp was used for all
replications under each simulation setting. The true overall log odds ratio was set to =0 or
1, and the true between-study standard deviation was set to =0 (homogeneity) or 0.3
(heterogeneity). Thus, we generated the study-specific true log odds ratios from 6;,~ M6,
7). Therefore, the true event rates in the treatment groups were calculated as

—0; -1
pi1= [1 +e (1 _PiO)/PiO] .
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Consequently, the event counts in the control and treatment groups were generated as 7y ~
Bin(ngp.,pp) and npq ~ Bin(np.,pa), respectively, and thus the counts of subjects without the
event were 1po = M. — Njp1 and M0 = Np. — Nj11. Based on these four data cell counts, we
calculated the estimated log odds ratio y;and its within-study variance s? in each study, and

performed the publication bias tests.

4.2 Simulation results

Tables 1 and 2 present the type | error rates and statistical powers of the publication bias
tests for the simulated meta-analyses of standardized mean differences when A= 20 and 50,
respectively. The maximum Monte Carlo standard error of the results was around 2%.

The resampling-based results were generally similar to those based on the test statistics’
theoretical distributions. However, their differences were large in some situations. For
example, when the total number of studies /= min a meta-analysis was small, the powers
of Tgkew aNd Tgkew-het based on the resampling method and the theoretical distributions
differed by up to 15%, because the theoretical distribution of the skewness was derived
under the large-sample setting (in terms of the number of studies), and it did not perform
well for meta-analyses with a few studies.14 When Aincreased to 50, the differences
between the resampling-based and theoretical-distribution-based results became noticeably
smaller. Moreover, when substantial heterogeneity was present (z = 0.2), Egger’s regression
test 7yeq had seriously inflated type I error rates (up to 36%) if using the test statistic’s
theoretical distribution to calculate its p-value. This was because 7ieq Was based on the
fixed-effect setting, and it failed to account for the substantial heterogeneity. However, the
resampling method took such heterogeneity into account, so the resampling-based 7eq had
well-controlled type | error rates. Because the resampling method may be robust to the
violation of the assumptions required for deriving the theoretical null distributions, the
following interpretations of the results will focus on those based on the resampling method.

When the true overall standardized mean difference &was zero, the type I error rates of most
tests were controlled fairly well, while those of the rank test 7,5,k were slightly inflated. The
rank test had high powers in many situations; it even outperformed the trim-and-fill method
Tirim-fil When A/ = 20 under scenario i, which favored the assumption of the trim-and-fill
method. For example, when m = 4 studies were suppressed under scenario i and z=0, the
powers of 7rank and Tirim-fit Were 35% and 28%, respectively. Benefiting from their
relatively high powers, the hybrid test had a power of 29%; although it did not outperform
Trank, it was much powerful than other tests. When Aincreased to 50 and /= 10 studies
were suppressed under scenario i, Tiim-fil became noticeably more powerful than 7,nk and
it greatly outperformed all other tests. Borrowing strengths from the various tests, the hybrid
test had a power of 75%, which was even slightly higher than 7im-sil- As the heterogeneity
standard deviation increased to z= 0.2, many tests’ powers noticeably decreased, while the
hybrid test remained the most powerful.

Under scenario ii based on the studies’ one-sided p-values, Tiim-inl became less powerful
compared with scenario i. When N=50and z=0, 7;nk and the skewness-based tests had
similar powers of around 45%, and the hybrid test had the highest power of 52%. As
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increased t0 0.2, 7skew-het Still had a high power of 43%, while the power of 75,k dropped to
24%. Because of the high power of 7giew-het, the hybrid test’s power remained high (40%).

Under scenario iii in which meta-analyses with large sample sizes were not suppressed, the
power of 7iny.sqrt-n became more powerful compared with the other two scenarios. This was
possibly because the suppression was related to the sample sizes and 7iny.-sqrt-n €xamined the
association between the sample sizes and the effect sizes. The regression tests 7req and
Treg-net 2lso became more powerful, compared with their performance under scenarios i and
ii, although they were outperformed by 7,ank. The hybrid test did not have the highest power
under scenario iii, but its performance was generally close to the most powerful test.

As the true overall standardized mean difference @ increased from 0 to 0.8, the type | error
rates of 7,ank became seriously inflated (up to 67% when A/ = 50). Those of the regression
tests were also inflated to nearly 20% in the presence of substantial heterogeneity (z = 0.2).
Due to the inflated type I error rates of these tests, the hybrid test’s type | error rate was also
inflated, while the inflation was slighter than that of 7;k.

Tables 3 and 4 present the results of the publication bias tests for the simulated meta-
analyses of log odds ratios when AV= 20 and 50, respectively. The trends of the publication
bias tests’ type I error rates and powers were similar to those for meta-analyses of
standardized mean differences in Tables 1 and 2 across different scenarios. Generally, type |
error rates of most tests were controlled well when the true overall log odds ratio &was 0
(i.e., the odds ratio was the null value 1). As @increased from 0 to 1, some tests (including
Tranks Treg: aNd 7reg-net) had noticeable inflated type I error rates, especially when the
number of studies NVwas large and the event rate pyp was low. Moreover, as the heterogeneity
standard deviation increased from 0 to 0.3, type | error rates of many tests tended to be
inflated. The tests 7gcore and 7count had noticeably inflated type | error rates when =0 in
the presence of low event rate and high heterogeneity; however, their type | error rates
dropped sharply below the nominal level 10% when @became 1. The type | error rates of
Tas-reg aNd Tsmoothed Were also inflated when events were common and heterogeneity was
present.

The publication bias tests” powers for log odds ratios also varied greatly across different
simulation settings. The trim-and-fill method 7 im-fin continued to uniformly perform well
in scenario i because this suppression scenario favored the method’s assumption. When A/ =
20, 6=0, m=8, pp~ 1f0.3,0.7), and =0, the tests Trank, Tinv-sqrt-ns 7trimfills 7inv-n, and
Tas-rank had similar powers and outperformed other tests under scenario ii. Under scenario
iii, 7, was substantially more powerful than all other tests. Such trends continued when A/
increased to 50 as in Table 4. Moreover, when /=50, 6= 0, m= 10, and z= 0.3, the
skewness-based tests 7giew and Tskew-het Were noticeably more powerful than other tests
with well-controlled type | error rates under scenario ii for both rare and common events.

Although the type I error rates and powers of different tests varied across the simulated

meta-analyses, the proposed hybrid test maintained high powers; its power was likely close
to the highest power among all tests. The type | error rates of the hybrid test was controlled
well in most situations; however, they could be inflated due to the serious inflation of type |

Stat Methods Med Res. Author manuscript; available in PMC 2020 October 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Lin Page 14

error rates of other tests. For example, when NV=50, 6=1, py ~ (/0.05,0.1), and z= 0, the
type I error rates of 7yank and 7yeq were inflated to around 40%; they impacted the hybrid
test, which also had an inflated type | error rate of 25%.

5 Case studies

This section applies all publication bias tests to three meta-analyses recently published on
prestigious medical journals. The first meta-analysis was performed by Plourde et al.4! to
compare the fluoroscopy time in percutaneous coronary intervention between radial and
femoral accesses. It contained 19 studies, and the effect size was the mean difference. The
second meta-analysis was reported by Paige et al.,? and it investigated 6 studies on the
effectiveness of spinal manipulative therapies (other than sham) using the standardized mean
differences. The third meta-analysis was performed by Whiting et al.,*3 which contained 29
studies on odds ratios of adverse events with cannabinoid vs. placebo.

Figure 1 presents the funnel plots of the three meta-analyses. In the first meta-analysis in
Figure 1(a), the large studies with small standard errors seemed fairly symmetric, while the
small studies with large standard errors tended to be in the negative direction and favored
radial access. In Figure 1(b), the second meta-analysis contained one study that had much
smaller standard errors than other five studies. This study had the largest total sample size,
and its standardized mean difference was fairly close to zero, while all other studies reported
more negative standardized mean differences (favoring spinal manipulative therapies).
Consequently, some studies with positive standardized mean differences were likely
suppressed from publication. In the third meta-analysis in Figure 1(c), the studies were
generally symmetrically distributed, although many smaller studies tended to have larger
odds ratios, indicating more adverse events with cannabinoid.

Because the first two meta-analyses had continuous outcomes, only the tests for generic
outcomes in Section 2.1 were applied to assess publication bias. For the third meta-analysis,
the effect size was the (log) odds ratio, so the tests in both Sections 2.1 and 2.2 were applied.
The tests’ p-values were calculated based on the resampling method, because it may control
type | error rates better than using the test statistics’ theoretical distributions as shown in
Section 4. The number of resampling iterations was set to 10,000 for each meta-analysis. As
in the foregoing simulation studies, the significance level for publication bias was set to 0.1.

Table 5 presents the p-values produced by various publication bias tests for each meta-
analysis. The trim-and-fill method had p-values of 1 and did not detect any publication bias
in all three meta-analyses, possibly because its assumption was violated in the three real
datasets. In the first meta-analysis by Plourde et al.,*1 Tgew-net produced the smallest p-
value of 0.070, indicating significant publication bias. Also, Tjny.sqrt-n Produced a fairly
small p-value of 0.116, and 74y had a p-value of 0.364. All other tests’ p-values were
larger than 0.6. Benefiting from 7gyew-net and 7iny-sqrt-n, the hybrid test had a relatively small
p-value of 0.317, indicating more evidence of publication bias than the commonly used 7 ank
and T7yeg. In the second meta-analysis by Paige et al.,*2 Tyew and Togew-net had fairly large p-
values over 0.7, while Treg, Treg-het, aNd Tiny-sqrt-n had p-values smaller than 0.1. The p-value
of Trank Was also close to the significance level 0.1. Again, benefiting from the three tests
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that could detect significant publication bias, the hybrid test had a p-value of 0.051 and also
implied publication bias. In the third meta-analysis by Whiting et al.,*3 only 7;, detected
significant publication bias with p-value 0.088, and 7eq had a p-value close to the
significance level 0.1. Many other tests’ p-values were larger than 0.6. The hybrid test
incorporated evidence from all tests and had a relatively small p-value of 0.342.

6 Discussion

This article has proposed the hybrid test for publication bias. It is motivated by the fact that
various publication bias tests are available, which are powerful only against certain
alternative hypotheses about publication bias, while identifying the exact mechanisms that
cause publication bias and selecting the optimal test are infeasible in practice. The hybrid
test is able to combine the benefits of various tests, so that it likely has satisfactory power
across many cases. The simulation studies and three case studies have been used to show the
superior performance of the hybrid test.

Although the hybrid test is advantageous for its high power, it may have several limitations.
The first limitation is intrinsic for many commonly-used publication bias tests. All tests
reviewed in this article and incorporated in the hybrid test were originally motivated by
examining the asymmetry of the funnel plot, which is based either on standard error (as in
Begg’s rank test 7rank and Egger’s regression test 7reg) or on sample size (as in Tang’s test
Tinv-sqrt-n, Macaskill’s test 7p, and Peters’ test 7jq,.). Besides publication bias, the funnel
plot’s asymmetry may be also caused by heterogeneity between studies, or by poor quality
of small studies, or simply by chance, especially when a meta-analysis contains few studies.
10,44 To ascertain the cause of the funnel plot’s asymmetry, more evidence is required in
addition to using these statistical tests. For example, meta-analysts may classify the collected
studies into several subgroups based on certain summary characteristics (e.g., age), and
assess the funnel plot’s asymmetry within each subgroup. If the overall funnel plot with all
studies is asymmetric but the subgroup-specific funnel plots are roughly symmetric, then the
asymmetry may be attributed to heterogeneity between subgroups, instead of publication
bias. Also, meta-analysts may use the contour-enhanced funnel plot, which incorporates
contours depicting the studies’ significance, to aid the interpretation of the asymmetry.4°:46
If the potentially missing studies tend to lie within the area of significant studies in the
contour-enhanced funnel plot, then the asymmetry is likely due to factors other than
publication bias.

Second, although the hybrid test can incorporate the benefits of various publication bias tests
to yield high powers in most cases, it may be contaminated by some included tests that have
poor performance as well. For example, in our simulation studies, several tests had highly
inflated type I error rates in some cases; influenced by these tests, the hybrid test’s type |
error rate was also noticeably inflated. Similarly, when incorporating some tests that had
very low powers, the hybrid test was not superiorly powerful; if excluding those tests, the
hybrid test’s power could be greatly improved.

In practice, we recommend meta-analysts to select a proper set of tests 7 to form the hybrid
test by excluding some tests that are evidently inferior in certain cases. The selection of the
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set 7 could be based on the findings and recommendations in the existing meta-analysis
literature. For example, Egger’s test 7yeq has been found to have seriously inflated type |
error rates for odds ratios when heterogeneity is substantial or the true overall odds ratio is
away from the null value 1.13 As shown in our simulation studies in Section 4, the rank test
Trank May also suffer from the inflation of type | error rates. This issue is essentially caused
by the intrinsic association between the observed effect sizes and their sample standard
errors; the strength of this association depends on many factors, including the effect size
type, the true value of the overall effect size, the study-specific sample size, etc. When the
intrinsic association is likely strong, the above tests may be excluded from the set & for the
hybrid test to obtain a relatively conservative conclusion about the existence of publication
bias. Similarly, when the assumption of the trim-and-fill method is clearly violated in certain
meta-analyses (e.g., the suppression of studies does not depend on their effect size
magnitudes), the hybrid test may not incorporate the trim-and-fill method. When the binary
outcomes are sparse, 7¢ount May be included in I as this test is specifically designed for
such cases.??

Third, the proposed method is used to test for the presence of publication bias, while it
cannot adjust for the bias. Among the methods reviewed in Section 2, only the trim-and-fill
method can produce an adjusted overall effect size estimate, although this adjustment may
not be accurate if the method’s assumption is violated; the adjusted result is often
recommended as a form of sensitivity analysis.1®>#’ Besides the trim-and-fill method, several
other methods are available to adjust for publication bias, and they are mostly based on
certain selection models.348-51 Similar to the dilemma of choosing appropriate tests for
publication bias, the performance of the various methods for adjusting for publication bias
also depends on their particular model assumptions. In practice, it is difficult to justify these
model assumptions and select the optimal method. It might be worthwhile to explore
approaches to synthesizing the methods for adjusting for publication bias.

In summary, the proposed hybrid test provides a powerful and convenient way to detect
potential publication bias. It does not require meta-analysts to choose a single publication
bias test from a large pool of candidates and draw a conclusion based entirely on this single
test; it permits them to combine various candidates into synthesized evidence for evaluating
publication bias. However, like all statistical methods for dealing with publication bias, the
results produced by the hybrid test may not ascertain the absence or presence of publication
bias; evidence from other (e.g., clinical) perspectives should be considered to aid the
assessment of potential bias.
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Refer to Web version on PubMed Central for supplementary material.
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JL e 9 © 1 4
e . o .
o P ey 1) L7
< o8| 3 - & ‘o®| & *
.® .o .o LR
g g o %o
® - S 4 @ L
* s8] 2% ] -
3 g5 ° . 83 ; ® o0 W
oo 4 IS S ® e :
ﬁ ~ L] ﬁ © L]
< s S )
o <} ,-'
4 .
2 ; 5 *
° B & S e . Q L)
T T T T T T =] T T T T — T T T T T T
-4 -2 0 2 4 6 -1 -0.5 0 0.5 -2 -1 0 1 2 3
Mean difference Standardized mean difference Log odds ratio
Figurel.

Funnel plots of the three real-world meta-analyses. In each funnel plot, the vertical solid line
represents the fixed-effect estimate, and the diagonal dashed lines represent the pseudo 95%
confidence limits.
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Table 1.
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Type | error rates (/m = 0) and statistical powers (/77> 0) in percentage (%) of various publication bias tests for
simulated meta-analyses of standardized mean differences. Each simulated meta-analysis originally contained
N = 20 studies before suppressing m “unfavorable” studies under scenario i, ii, or iii.

6=0 =08
Test m=4 m=8 m=4 m=8
m=0 m=0
i i ii i i ii i ii i i ii
=0:
. 13 35 26 37 47 ) 59 27 53 54 53 51 63 64
rank 13 (33 (26) (36) (49 (44 (61) (260 (52 (52) (52 (3 (67)  (67)
10 10 15 30 15 2 2 26 28
Treg a2 @y 8O g 6O 56 3z 8AD g o @n 7O @y @
1 12 17 33 10 17 2% 27 30 30
Teghet (1) (o) '® @ O 6O @3y @y @y @ @ 2O @9 @0
Taew  8(4) 16(6) 18(7) 15(6) 21(5 20(5) 14(4) 10(4) 17(8) 11(5) 11(5) 21(6) 11(3) 11(3)
Taewnt 8(4) 15(6) 17(7) 15(6) 20(5) 20(5 14(4) 9(5) 17(8) 11(5) 11(5) 21(6) 103 113
. 12 22 16 27 23 20 45 12 2 2 23 22 28 28
satn 1) (22)  (16)  (26) (24)  (22)  @45) (1) (24 (22 (22) (23 (28 (28
28 20 18 29 2 14 11 28 15 14 31
Tamfn  9(10) {35y 24y (22 (1) (26) (5 (@4 @1 (@ (@ @3 1O 120
s 29 21 30 35 30 44 2 42 35 36 37 42 44
hybrid (11) (31) (21) (29) (33) (29) (44) (19) (41) (36) (35) (35) (45) (45)
=0.2:
- 0@ 2 15 2 2% 21 45 30 37 56 58 ) 62 68
ran an (13 19 (8 (22 (43 24 (32 (2 (4 (32 (62 (70
. 1 14 11 18 1 1 36 15 16 37 40 13 44 53
e (36) (29) (25) (37) (21) (20) (60) (39) (31) (62) (64) (21) (68) (78)
. 12 13 11 15 12 12 28 14 16 40 ) 14 46 52
eohet 13y (13)  (12)  (16)  (13) (12 (1)  (16) (18) (43) (44 (15 (50)  (56)
Taew  10(7) (1171) (1170) 1909) 20(7) 19(8) 19(8) 10(6) (1131) 12(7) 14(7) 22(9) 15(5) 14(6)
Taewnst 12(5) 17(8) 18(8) 16(8) 20(7) 20(7) 18(7) 10(5) 20(9) 13(6) 14(6) 21(9) 15(5) 14(5)
18 12 12 32 2 27 1 30 37
Tvsgtn - 11(7) - 1309)  11(8) (159 (1090  (@o) (4 MO 120 oy @3 dy) (8 (34
20 1 11 20 15 23 16 14 2 17
Teman  9(10) o1y 43y (@2 @9 @5 °® 8O e @5y @4 @y (@ HO
s 21 18 23 2 23 33 21 30 41 43 29 46 54
hybrid (11) (18) (14) (21) (19) (16) (35) (13) (21) (36) (40) (23) (44) (54)

Note: 6, the true overall standardized mean difference; z, the true between-study standard deviation. The results inside parentheses (except the
hybrid test) were based on the tests’ theoretical p-values, and those outside parentheses were based on the resampling method.
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Table 2.

Type | error rates (/m = 0) and statistical powers (/77> 0) in percentage (%) of various publication bias tests for
simulated meta-analyses of standardized mean differences. Each simulated meta-analysis originally contained
N = 50 studies before suppressing m “unfavorable” studies under scenario i, ii, or iii.

=0 =08
Test m=10 m=20 m=10 m=20
m=0 m=0
i i iii i ii iii ii iii i ii iii
=0:
. 14 64 46 63 89 80 o7 61 %5 95 94 93 98 99
rank 13 (63 (6) (63) (89 (79 (97 (59  (95)  (94)  (94)  (92)  (98)  (98)
22 32 19 13 73 10 31 50 59 23 0 70
Tg 900 (9 0 @) @ @ @ @ @ 6 ) @) @ (7
. 0@ 2 1 33 20 4 M 1 32 62 62 25 72 72
reg-het O @ @ @ @0 12 (4 @) (30) (62 (62 (@4 (1) (1)
s a4 2% 51 51 22 42 54 14 13
Taew 9 3y (33 @0 (9 @8 (@) D @5 120 LG 4 (g0 (0
41 43 26 50 51 22 42 53 14 13
Taewter 9 3 @3 @0 @) @ a5 °D @ RO 1O @ ag g
. 1 39 19 43 46 3B 84 11 3 53 51 45 63 65
st (10) (39) (20) (44) (46) (36) (84) (10) (38) (52) (52) (45) (64) (64)
o 60 2. 3 36 82 6 23 6ao) 8 2 32 8 3 28

(81) (46) (45) (87) (74) (32) (86) (41) (41) (90) (35) (33)

;o013 75 52 58 89 79 91 45 90 87 87 93 95 94
wid - 10)  (75)  (51)  (58) (87) (77)  (88) (39  (88)  (86)  (86)  (92)  (94)  (94)

T e 2 24 6 66 53 87 67 79 97 o7 75 99 99

fan (38 () (42 (64 (1) (84  (60) (76)  (9)  (96)  (72)  (98)  (99)
. 10 13 14 29 15 0 7 17 27 72 % 23 84 o1

e (34) (32) (29) (52) (25) (18) (88) (43) (43) (91) (92) (35) (94) (97)
. 10 14 13 23 14 1 57 18 % 1718 22 84 90

eehet 1y (14 (15)  (24)  (15) (12) (61 (19 (25 (1)  (80) (22 (87)  (91)
. 13 38 40 21 49 a9 2 1 0 2 20 50 33 21

sew 12y (36)  (36) (19 (A1) (42) (18 (10 (37 (0 (1) (42 (@6 (7
2 ; 23 50 49 21 2 u 2 sl 35 23

Taewnet  1209) 35 36 (16) (1) @0 @5 2@ @5 (19 @6 @3 (@8 (7
13 13 28 15 11 70 6 50 55 15 59 72

Tvsatn - 116) 190y (10 @22 (@3 @0 8 MO @) @ a4y 68 (67
52 21 12 58 44 66 35 26 69 39 16

Tema 8O ©e) @ @5 6 @n ‘O 7O @y @y @ @ @ @

T 10 56 40 40 67 58 75 48 74 91 92 74 94 97
hybrid (10) (47) 27) (31) (64) (51) (70) (20) (67) (74) (79) (73) (86) (90)

Note: 6, the true overall standardized mean difference; z, the true between-study standard deviation. The results inside parentheses (except the
hybrid test) were based on the tests’ theoretical p-values, and those outside parentheses were based on the resampling method.
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Table 3.

Type | error rates (/m = 0) and statistical powers (/77> 0) in percentage (%) of various publication bias tests for
simulated meta-analyses of log odds ratios. Each simulated meta-analysis originally contained N/ = 20 studies
before suppressing /m “unfavorable” studies under scenario i, ii, or iii.

=0 =1
Test -0 m=4 m=8 -0 m=4 m=8
m= I 1 11} I I 11 m= i I 11} I I 1
Pp~ U0.3,0.7)and t = 0:
- 1 25 17 30 29 24 50 13 30 41 42 33 52 56
fan 10 (23 (16 (28 (30) (26 (1) (12 (30) () (4) (35 (6)  (59)
14 22 41 12 19 40 42 14 49 55
Treg 2O 1y °® @ 0O 7O @y @y an @) @) @ @) (63
15 23 4 14 21 4 44 16 5 57
Treghet 1208 (13 0@ g UE 9O 37y @12y @ @) @) (12 @) (62
Tokew 10(4) 17(8) 18(7) 14(6) 19(6) 19(5 13(5) 8(4) 14(7) 9(5) 9(5) 18(8) 14(5) 14(6)

Tokew-het 104) 17(7) 18(7) 14(6) 19(6) 19(5) 13(5) 8(5) 14(7) 8(5) 9(5) 18(8) 13(5 14(6)

T 12 24 15 29 26 23 51 11 21 33 35 24 42 44
inv-sqrt-n (10) (23) (15) (28) (26) (23) (50) (12) (23) 37) 37) (28) (43) (45)

30 18 18 31 27 13 37 25 25 40 24 21

Teaman 8012 35 (22 @ (2 @ @9 °@ @y @ @) @) @ @9
T 10(9) 25 14 36 25 21 63 10 19 25 26 21 34 38
n (26) (16) (36) (25) (21) (62) (12) (20) 27) 27) (25) (38) (42)
Tiwn 11 22 16 24 25 23 44 11 21 34 35 22 42 43

(11) (22) (16) (25) (25) (22) (43) (12) (22) 37 (37) (27) (44) (46)

- 13 23 15 3 27 23 54 11 2 3 3 25 43 46
Asmik (1) (3) (14 (1) (25 (1) (50) (1) (22 (34 (34 (24 (43 (49

13 21 40 11 29 32 39 44
(12) (19) (38) (16) (34) (36) (44) (50)

14 22 43 12 32 34 10 43 49
TAs-reg-het 11(8) 12) 9(8) (19) 10(8) 8(6) (37) 9(11) (15) (33) (35) (10) (43) (48)

12 14 21 2 11 15 31 33 11 35 41
Tamoothed 137y (13 0@ 5y 9O 80) 49 (45 (18 (34 (36) (13 @7 (43)

16 23 43 11 16 31 3 13 37 43
Tmootheanet  12(8) 113y 10(8) (55 1209 100) (390 (43 17y (38@) () (12 (66 (@2

12 24 15 29 26 22 51 18 29 29 21 39 40

Tas-reg 10(9) 9(8) 9(8) 7(8) 9(12) 7(10)

Tscore 1 ) @5 @) @) @) 6o °0 @y @y @) @5 @) (4
2 16 28 26 21 48 13 21 21 18 30 29
Teount 2O o @ @) @) @ 6y M o s @8 @6 @2 @3
_ L2 20 3 29 24 48 g0 28 B M B M4
hybrid (1) (¢ (19 (3 (29 (@) (50 @y @3 @ @@ @y @y
pp~U(0.3,0.7)and t=0.3:
15 22 18 15 38 17 21 40 45 22 51 59
Trank 1O 13 00 @ @19 @5 @) @13 (19 (@) (@) (24 (G2 (61)

16 18 13 27 14 12 48 22 22 50 54 18 60 70

Trg @n (@ (@18 (2 (18 (1) (55 (34 @0 (60) (67)  (21)  (67)  (80)
r 13 17 12 21 14 12 38 19 22 46 49 20 59 67
reg-het (13) @6 (12) (200 (12 (@0 (38 (21) (22) (46 (52) (18) (58)  (67)
Tokew 10(4) 18(8) 17(7) 18(8) 19(6) 19(6) 20(7) 8(3) 17(9) 12(4) 11(5) 20(5) 17(4) 15(3)

Tskew-het 9(4) 18(7) 18(6) 17(6) 18(6) 19(6) 18(6) 9(4) 18(9) 13(5) 12(5) 20(6) 16(4) 14(4)
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0=0 6=1
Test -0 m=4 m=8 -0 m=4 m=8
mE i ii i i ii " i ii i i ii
12 18 10 33 10 12 2 25 10 30 37
Trwsaen 11D q0) 8@ g @y 0O @ @w) @y @ @6 @ @) G
2 15 14 21 24 1 3 27 2 %2 27 16
Tim- i 810 gy a9 an @) o O @y @ @) @3 (¢) @0 (12
12 23 12 43 17 24 11 27 35
Tn 019 1y 0@ gy @z 0D 3 BAD 9(1) 55 5 (13  @0)  (36)
12 17 1n 28 1 24 26 10 31 37
Tinea O g 0O gy gy @0 @y 0O @y @ @ @) @) @)
13 8 12 11 38 13 23 26 13 33 41
Tasank 11®) 13y 8 47y a2 d @) 8® 1 @ @) (18 (2 (o)
16 15 11 24 12 10 44 10 23 28 34 44
Ths-teg @) @ @ @ @ @ 6 °® an @ @ W w6
4 15 11 19 13 3 11 10 25 28 3% 44
Tasepter 13y @3 @9 @8 ay 2O @ w @ e @@ WD @ w
. 18 17 13 25 14 12 4 13 14 27 31 12 34 43
smomed 29y (21)  (19) (32 (15) (12  (54) (30) (22) (40) (45 (1) (42 (55
T 15 15 11 18 13 12 (9 36 12 14 27 28 12 33 40
smoothed-het 13y (14)  (11)  (18)  (12) ©) (35) (14 (15) (29 (31) (13) (3% (42
13 19 12 1 3 2 2 10 31 38
Tscore WO gy 9O @ @ @y @y 2O @D oy @ @ @ @
13 19 13 11 3 6 19 10 25 31
Teount 00 1y 0O gy @ @y @ 2O 800 oy sy 1a @) (@2
- 10 19 13 23 19 18 38 12 25 32 36 23 40 48
hybrid (1) (21) (15 (26) (17) (16) (44  (18) (24 (36) (42) (16) (45)  (57)
po~ U(0.050.1)and t=0:
. 11 27 16 23 32 28 3 2 4 63 64 4 0 73
rank 10 (4 (@16 (22 (35 (9 (38 (19 (42 (63 (64 (45 (75) (77
10 16 15 12 2 21 28 55 57 16 51 62
Treg a2 @ 8@ w5 @y °® 5 @) (o) (8 (60) (17) (56)  (64)
11 17 6 13 5 22 31 58 59 17 61 65
Treg-het ay e °® @y az 00 @ @2 @9 67 69 17 66  (64)
Tokew 9(3) 15(6) 16(5 14(6) 17(6) 19(5) 20(6) 8(3) 13(5) 9(3) 8(3) 18(6) 15(5) 13(4)
Taewtt  9(3) 15(6) 16(5) 14(6) 17(6) 19(5 19(6) 8(3) 14(5 9(3) 8(3) 18(6) 15(5) 13(4)
13 20 13 24 21 19 4 11 19 30 31 23 34 43
Tvsatn gy (23)  (6) (27) (25 (22) (47) (13) (24 (36) (38) (28 (38 (44)
- oy 3L 19 16 34 31 15 10 46 43 38 44 38 27
trim-ill (12) (41) (25 (1) (39 (@) (A7) (A7) (54 (49 (@) (51) (39  (27)
13 23 16 14 49 4 20 25 17 2% 36
Tn 8O 1 °@) gy @20 @ 4 @ @y @ @9 @y @9 @)
13 4 17 14 3 15 26 27 17 34 3B
Tinien 913 ooy 8 23 @ @ @8 M (23 @) @5 @) (G’ (42
. 13 20 13 24 2 2 4 go 15 2 2 18 3 48
Ak 19y (19)  (13) (24 (1) (20)  (47) an 9 (33 19 (39 (48
Tasieg 9(13) 6(12) 3(7) (1117) 46) 305 ?3?3) 3(10) 2(11) 9(26) (152) 1(6) %53) 5427)
e 901D 902 40) g 5O 4G Gy 5O 500 3 gy 20 &) @y
Twoores (g 918 512 Gy 6() 500 o 848 Gy Gy oy 509 Gy o
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0=0 6=1
Test m=4 m=8 m=4 m=8
m=0 . .. . . .. P m:O . .. . . . e
| 1 I I 11 1 ] 1 I I 11 1
12 1 17 33 12 25 29 % 36
Tamoomedtet 16y 17y OUD ) TAD 6O) (59 O (19 @y @n 0D (3 @y
4 25 16 2 28 2 3 6 17 11 23 2
Tscore ay @) s (o) @) (2 (33 A9 708 35 @y @ @) (39
23 15 20 24 21 3 1 10 10
Teount 1O oy @ o) @) @ @ 6@ 808 55 g 8@ g5 90
- 0 2 14 2 28 24 4,00 30 4 4 31 5 5
vbrid (10) (23) (14) (21) (22) (19) (36) (24) (28) (30) (15) (30) (35)
pp~ U(0.050.1)and T =0.3:
. 415 18 12 2 19 17,0 24 38 39 26 4 43
rank 12 (12 @10 1) 23 (1) (19 @) (33 (34 (26) (46)  (49)
15 11 14 10 19 37 40 14 45 50
Teg ) @z O 0D oD 8O g gy @ @ @ @) @) (60
15 12 11 17 12 21 40 42 15 47 53
Treg-het @) @y 00 100 (45 9@ 17y @y (22 @) (43 (15 @47) (54
Tokew 7(Q) 13(8) 14(7) 16(8) 18(5) 17(5 26(7) 9@ 17(8) 16(6) 17(7) 22(6) 16(4) 16(5)
Taewnee  7(3) 13(7) 15(7) 16(8) 18(5) 17(5) 26(8) 9(3) 17(7) 17(6) 17(6) 20(6) 16(4) 16(5)
13 11 2 16 14 37 15 2 28 16 29 41
Tvsatn— 9(D) iy 3y @2 a9 an @ °O  an  en @ oG8 @2
23 16 10 31 25 3 32 26 2 32 17
Tema 804 g o) @3 @ @y O M wy w @ @) @) @
0 12 1 4 13 18 2 13 2 37
T TA0) 9@ 9AD 55 15y (w4 @) 10 a7y 2 e @ @6 (39)
11 11 21 10 16 20 12 24 33
Tinien 5100 8() TAY 5 e 81D g 6O Gy @ @n w9 @Gy (36
4 11 20 15 13 39 0 20 25 11 30 45
Tas-rank 8@ 13 @) @ @ ay @ ‘® wy w9 @y 1@ Gy @)
Thsreg 7(18) 7(13) 6(11) (1255) 59 3(7) :(324) 6(21) 4(15 %227) (13?7) 1(11) %338) :(35’4)
Twgra  9(12) 9D 8O) gz T® 50 G 700 50) G B 30 Gy W
12 1 21 3 11 11 2 29 25 43
Tmootted 5y (18 916 (g3 TA8 509 5y 3 @0 @ @y @D @y G
0 12 10 20 3% 10 12 23 27 11 29 40
Tmoothedet 116y 14y (13) (26) °(® 812 oy qay  an @) @ @8 (G4 (@)
Tecore by MO Gy dy oy oy @y 509 30 4@y 40 sy 63
Teourt 0y 00 Oy 4y (5 Gy s 40D 20 3@ 20 3a) 618 304
6 15 19 18 15 29 0 26 29 2 38
Thyorid BO 1y ay an @ ay @ 0 @) e @ #2O @ o

Note: 6, the true overall log odds ratio; z, the true between-study standard deviation; pf, the true event rate in the control group. The results inside
parentheses (except the hybrid test) were based on the tests’ theoretical p-values, and those outside parentheses were based on the resampling

method.
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Table 4.

Type | error rates (/m = 0) and statistical powers (/77> 0) in percentage (%) of various publication bias tests for
simulated meta-analyses of log odds ratios. Each simulated meta-analysis originally contained A/ =50 studies
before suppressing /m “unfavorable” studies under scenario i, ii, or iii.

=0 =1
Test m=10 m=20 m=0 m=10 m=20
m=0 . .. e . . - . .. P . .. P
I I 1 I I 11} I 1 11 I 1 1
Po~ 10.3,0.7)and Tt = 0:
. 1 46 24 50 63 50 88 24 63 81 8 65 92 93
rank 10) @45 (22) (48 (62 (50) (88) (24 (67 (82 (83 (67) (92)  (93)
. 12 3 12 4 27 19 8 16 42 8 8 32 89 92
e (10) (26) 9 (36) (20) (14) (78) (17) (39) (82) (83) (31) (88) (92)
. 12 3 12 4 28 20 8 17 43 8 84 34 90 92
reg-het (10)  (26) ©) (36) (20 (4 @7 @1 (39) (82  (83) (31)  (89) (92)
33 34 17 44 42 15 27 37 21 15
Tsew 6G) @y @y @ @ @y ay D @ O 8O @y an @y
33 34 17 44 42 14 26 10 37 21 15
Toewret 60 g7y @y @ @ @ w O @ @ °® @y an @y
. 1 43 20 48 55 41 88 8 3 64 64 42 78 82
msatn o) (42) (200 (48)  (56)  (43)  (88) (12) (47) (10) (7)  (50)  (80)  (83)
_ 8 77 39 40 8 75 25 9 84 57 54 8 50 30
trim-fll 13  (85) (48 (50) (90) (81) (35) (15 (89) (66) (61) (91) (59)  (37)
. o ¥ 19 54 46 I B 6 20 48 48 39 71 76
n (9 (19 (4 (@7 (38 (94 (1) @7 (54 (55 (45) (75)  (80)
. 12 43 19 44 52 4 8 10 3 70 70 45 80 82
inv-n 10 (42 (19 (43 (3 (42 (8) (12 (@4 (75 (15 (G () (84
. 11 4 19 46 56 44 88 9 47 70 69 53 84 87
AS-rank 9) (40) (17) (43) (54) (42) (87) (12) (52) (73) (74) (57) (83) 87)
. 12 31 12 40 24 18 81 9 27 0 1 20 8 87
ASTeg (10) (24) (8) (34) (18) (12) (76) (14) (37) (75) (77) (29) (84) (88)
. 2 3 12 4 25 18 8 9 30 73 14 25 85 89
ASTECTEL - (10) (24 (8) (34 (18 (12) (75 (1) () (5) (76) (29) (84  (89)
. 13 33 13 4 26 19 8 9 23 62 61 20 73 78
smohed 11y 27y (10)  (36) (21) (14) (77) (13) (30) (68) (69) (25 (74  (80)
. 13 33 13 4 28 20 8 10 24 63 63 21 714 79
smoothec-net (10)  (26)  (10)  (36) (1) (A4 (7)) (12) (30) (67) (68) (25  (74) (80)
. 12 4 20 48 54 41 88 4 2 51 52 33 74 77
score A1) (43 (200 (48) (54 (42) (8) (1) (0 (1) (12 (@47 (83  (85)
. 11 43 21 45 56 44 86 2 19 34 35 28 59 63
count 9) (40) (19) (44) (53) (42) (86) (10) (36) (59) (61) (44) (76) (78)
- 10 6 34 51 8 6 8 13 70 73 73 74 8 88
hybrid 9) (73) (40) (52) (85) (72) (84) 9) (71) (63) (64) (76) (77) (79)
pp~U(0.3,0.7)and t=0.3:
. 11 26 13 3 31 24 78 3 5 8 91 54 92 o7
rank (7 (24) (13) (31) (29) (22) (73) (32) (58) (86) (90) (52) (91) (96)
. 15 24 14 45 24 17 84 40 58 9 94 43 9 99
reg 23 (28 (16) (51) (23) (16) (89) (57 (64 (93) (97) (45 (97)  (100)
. 2 2 12 32 24 17 75 38 53 89 92 43 95 98
reg-het A1) @0 (1) (29 () (15 (74 (3 (4 (68 (92) (43) (9)  (%9)
322 33 19 4 43 2 0 16 13 41 32 17
Tskew 8@ 29 @y @ @ @ 0 *® e @n @ Gs @) (14
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Note: 6, the true overall log odds ratio; z, the true between-study standard deviation; pf, the true event rate in the control group. The results inside

parentheses (except the hybrid test) were based on the tests’ theoretical p-values, and those outside parentheses were based on the resampling

method.
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Various publication bias tests’ p-values for the three real-world meta-analyses.

Table 5.

Test p-value

Plourdeet al.*l Paigeetal.*? Whiting et al.*
Trank 0.936 0.154 0.776
Treg 0.745 0.073 0.160
Treg-het 0.642 0.012 0.357
Tekew 0.364 0.761 0.642
Tskew-het 0.070 0.815 0.682
Tinv-sqrt-n 0.116 0.025 0.483
Trim-fill 1.000 1.000 1.000
T NA NA 0.088
Tinv-n NA NA 0.629
Ths-rank NA NA 0.658
Ths-reg NA NA 0.342
Ths-reg-het NA NA 0.586
Tsmoothed NA NA 0.413
Tsmoothed-het NA NA 0.968
Tscore NA NA 0.701
Teount NA NA 0.839
Thybrid 0.317 0.051 0.342

NA: not applicable.
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