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Abstract
Introduction: Data privacy legislation in Canada prohibits patient-level administrative health
data from crossing jurisdictional boundaries. Accordingly, multi-site research networks often
conduct distributed analyses and pool site-specific effect estimates (EES) using meta-analysis
models. Rare outcomes and heterogeneity in site-specific EEs can produce potential outliers
that may bias pooled EEs. Limited research has compared outlier detection methods and the

impact of potential outliers on meta-analysis results.

Purpose and Objectives: The research purpose was to examine outlier detection methods for
meta-analyses of site-specific EEs from a multi-site network. The objectives were to: 1)
compare outlier detection methods for random-effects meta-analysis (REM) models, and 2)
apply these methods to site-specific EEs from systematically selected real-world meta-

analyses.

Methods: We compared studentized residual estimates (StdR), relative change in pooled EE
variance (RCPEV), relative change in estimated between-site variance (RCEBV), and model-
based mean-shift method (MMS) using computer simulation. EEs were simulated assuming a
normal distribution. Accuracy, misclassification error (ME), and F-1 score were assessed
using random-effects analysis of variance models. We systematically selected meta-analyses
conducted by investigators from the Canadian Network for Observational Drug Effect
Studies (CNODES), applied outlier detection methods, and assessed the impact of potential

outliers on REM results.

Results: StdR had the highest accuracy (median: 89.9%) and lowest ME (median: 10.2%).
RCPEV was the most consistent in all metrics. For StdR, the number of sites explained
95.1% and 93.0% of the variation in accuracy and ME values. For RCEBV and MMS,

between-site variance described the most variation in accuracy and ME values. StdR and



RCPEV were most sensitive to detect potential outliers in re-analyses of 39 published
CNODES meta-analyses. Heterogeneity in site-specific EEs was reduced to zero in two-
thirds of the meta-analyses when potential outliers were removed, and the precision of pooled

EEs increased.

Conclusions: StdR and RCPEV outperformed RCEBYV and MMS in outlier detection. The
number of sites and between-site variance explained the most variation in performance
metrics for all methods. Excluding potential outliers from published meta-analyses,
substantially reduced heterogeneity in site-specific EEs and increased the precision of pooled

EEs.
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Chapter 1: Introduction

1.1 Background

Administrative health data (AHD) are routinely collected for health system management
and monitoring purposes. In Canada, data-sharing restrictions associated with provincial and
territorial health privacy legislation do not typically allow patient-level AHD to cross
jurisdictional boundaries. Accordingly, distributed analyses are often adopted for multi-site
studies; data are analyzed within each site to produce site-specific effect estimates (EES).
These site-specific EEs are then pooled to produce a single overall estimate. Variability in
site-specific EEs may be observed. The random-effects meta-analysis (REM) model is
usually chosen to pool site-specific EEs because site-specific EEs are assumed to be
randomly sampled from their population distribution with an aim to find the mean estimate of
that population distribution, known as the pooled EEs [1,2]. The Canadian Network for
Observational Drug Effect Studies (CNODES) is an example of a multi-site network that
conducts population-based drug safety and effectiveness studies using distributed analyses of

AHD and pool site-specific EEs with the REM model [3,4].

If some site-specific EEs do not appear to represent their population distribution in a
multi-site network, they can be considered potential outliers. One challenge when performing
a meta-analysis is the potential presence of outliers which can influence parameter estimates
and lead to biased pooled EEs [5,6]. If some site-specific EEs appear as potential outliers,
detecting potential outliers and understanding the subject area in-depth can reveal the reasons
for their presence. The Cochrane Collaboration has developed a risk of bias tool, enabling
researchers to detect potential outliers based on careful investigation of differences in
treatment implementation and patient populations [2]. However, each site in a multi-site
network follows a study protocol to mitigate bias arising from inconsistency in site-specific

data analyses and cohort construction [3,4,7-9].
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The key issues in meta-analyses of site-specific EEs from distributed analyses of a multi-
site network are rare outcomes and heterogeneity in site-specific EEs [10]. When an outcome
is rare, many site-specific EEs are calculated from small event data. Consequently, calculated
standard errors of site-specific EEs are often large and lead to a loss in the precision of
pooled EEs [11]. Furthermore, there is the possibility for heterogeneity in site-specific EES
because of differences in population size across sites and data variability due to differences in
the source, construction, and contents of site-specific AHD [8]. These factors can result in the
potential presence of outliers. A subgroup analysis can be conducted to account for
heterogeneity in site-specific EEs [2]. However, subgroup analysis has low statistical power

when the number of site-specific EEs is small or when an outcome is rare [12].

The Cochrane Handbook provides guidelines for conducting systematic reviews and meta-
analyses and recommends performing sensitivity analyses, in which meta-analyses are
conducted with and without site-specific EEs detected as potential outliers [2]. Multi-site
networks, including CNODES, follow this recommendation [3]. However, if there are
changes in the direction of pooled EEs between REM models with and without detected
outliers, researchers may not reach a consensus about which result (i.e., the pooled EEs with
or without detected outliers) can be used for decision-making [5]. Site-specific EEs that are
potential outliers can be detected graphically with a forest plot [6], but a graphical
representation is sensitive to subjective bias (i.e., a potential outlier site-specific EE to one

may not be apparent to another) [1,6].

Previous research has proposed several rule-, model-, and algorithm-based methods to
detect potential outlier site-specific EEs, in which some methods are proposed for the REM
model [13-18]. Due to the availability of rule- and model-based outlier detection methods

through “metafor” [19], “altmeta” [20], and “meta” [21] packages in R, researchers widely
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apply these methods in real-world meta-analyses. However, limited research has compared
the performance of rule- and model-based outlier detection methods under a wide range of
study design and analytic conditions [17,22]. In real-world settings, the impact of detected

outliers on the REM model parameters has not been previously investigated.

1.2 Purpose and objectives
The research purpose was to examine outlier detection methods for meta-analyses of site-
specific EEs from distributed analyses of a multi-site network. The research objectives were

to:

1) Compare the performance of outlier detection methods for the REM model, and
2) Apply outlier detection methods to site-specific EEs from real-world distributed

analyses of a multi-site network.

1.3 Thesis organization

The thesis is organized as follows: Chapter 2 provides a review of literature; it includes a
framework for meta-analysis of site-specific EEs from distributed analyses of a multi-site
network, a brief overview of rule-, model- and algorithm-based outlier detection methods in
meta-analysis models, and a discussion of gaps in the relevant literature. Chapter 3 describes
the methods used to conduct a simulation study to compare the performance of outlier
detection methods and is followed by a description of the methods to conduct analyses of
real-world data from distributed analyses of a multi-site network using outlier detection
methods. Chapter 4 presents the results of the simulation study and findings from the real-
world meta-analyses. The final chapter of the thesis discusses the key findings and their
interpretations, research strengths and limitations, opportunities for future research, and

conclusions.
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Chapter 2: Literature Review

In this chapter, we define the framework for meta-analysis of site-specific EEs from
distributed analyses of a multi-site network and provide a brief overview of outlier detection
methods in meta-analysis models. Application to outlier detection methods in real-world
meta-analyses and published simulation studies that evaluated the performance of outlier
detection methods in meta-analysis models are also described. The chapter concludes with a
summary of the literature review that identifies gaps in existing research about outlier

detection methods and the novelty of the proposed research.

2.1 Framework for meta-analysis of site-specific effect estimates from distributed
analyses of a multi-site network

Both fixed-effects meta-analysis (FEM) and REM models can be used to pool site-specific
EEs from distributed analyses in multi-site networks. Our research framework is based on the
REM model for several reasons. Heterogeneity in site-specific EEs may be observed when
site-specific EEs do not appear to represent their population distribution. Differences in the
source, construction, and contents of site-specific AHD may be another reason for
heterogeneity in site-specific EEs [10]. Also, variability in the precision of site-specific EES
may occur because of differences in site-specific sample sizes [10]. A subgroup analysis can
be conducted to account for heterogeneity in site-specific EEs [7]. However, a subgroup
analysis has low statistical power, and it may falsely detect differences in subgroups when the

number of site-specific EEs is small or when an outcome is rare [12].

The REM model has the advantage of capturing both within-site variance (i.e.,
heterogeneity in site-specific EEs due to sampling error) and between-site variance (i.e.,
heterogeneity in site-specific EEs not attributable to sampling error) [1]. Sources of variation

may be unknown or not measured directly [1]. Some portions of unknown or unmeasurable
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variation in site-specific EEs from distributed analyses of a multi-site network can also be

explained by between-site variance with the REM model [1].

In the FEM model, site-specific EEs are assumed to be sampled from the same population,
indicating a common true EE [1]. However, if all site-specific EES have a common true EE,
then the REM model can reduce to the FEM model [1]. The pooled EEs from a REM model
can be generalized to a larger population because site-specific EEs are assumed to be
randomly sampled from their population distribution [1]. Therefore, the REM model is often

chosen to calculate pooled EEs along with their 95% confidence intervals (CIs).

2.2 Outlier detection methods in meta-analysis models

We identified several rule-, model-, and algorithm-based outlier detection methods for
meta-analysis models. Outliers in site-specific EEs are detected using rules of thumb or
decision criteria in rule-based methods. Model-based methods rely on assumptions about the
distribution of model parameters; outlier site-specific EES in meta-analysis models are
detected using hypothesis testing or parametric bootstrapping. Algorithm-based methods

detect outlier site-specific EEs without relying on decision criteria and model assumptions.

2.2.1 Rule-based methods

Hedges and Olkin proposed rule-based outlier detection methods for the FEM model [6].
The authors suggested to visualize and inspect site-specific EEs with a forest plot. If a site-
specific EE is visually different in a forest plot (such as non-overlapping confidence intervals
of the pooled EEs, site-specific EEs are not aligning close to the pooled EESs) and the
remaining site-specific EEs are homogeneous after excluding the visually different site-
specific EEs, then the visually different site-specific EEs may be detected as potential

outliers. However, this method is sensitive to subjective bias [1,6].
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The studentized residual estimates (StdR) method by Hedges and Olkin can also be used
to detect potential outliers in FEM models [6]. The distance between site-specific EEs and the
pooled EE is calculated. Then, estimated residuals are standardized with the standard error of
the distance between site-specific EEs and the pooled EE. The pooled EE in a meta-analysis
is calculated from site-specific EEs. To mitigate the dependency between site-specific EEs
and the pooled EE in a meta-analysis, it is recommended to exclude one site-specific EE at a
time and estimate StdR after each exclusion [6]. As a rule of thumb, a site-specific EE with
an estimated StdR larger than three standard deviations is a potential outlier [6]. However,
this method is applicable to the FEM model and can detect potential outliers that appeared

only due to sampling error [13].

Another method proposed by Hedges and Olkin to detect potential outliers relies on
estimating the Q-statistic for both FEM and REM models [6]. The Q-statistic measures the
degree of variation or heterogeneity in site-specific EEs, by calculating the weighted sum of
squared differences between site-specific EEs and the pooled EE, with the weights estimated
using the inverse-variance method [23]. In this rule-based outlier detection method, the Q-
statistic is estimated using all site-specific EEs. Then, each site-specific EE is excluded, and
the Q-statistic is estimated after each exclusion. The relative change in the estimated Q-
statistic is captured by comparing the Q-statistic estimated from all site-specific EEs with the
Q-statistics estimated after exclusion of each site-specific EE. An estimated Q-statistic will
change substantially when a potential outlier is excluded from a FEM model, indicating
homogeneity in site-specific EEs. However, the Q-statistic has low statistical power when the
number of site-specific EEs included in meta-analysis models is small, and it may falsely

detect heterogeneity in site-specific EEs when many site-specific EEs are pooled [24,25].
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Viechtbauer and Cheung proposed to calculate StdR by excluding one site-specific EE at a
time to detect potential outliers for REM models. The StdR method estimates the distance
between site-specific EEs and the pooled EEs and standardize estimated residuals with the
standard error of the distance between site-specific EEs and the pooled EEs [13]. As a rule of
thumb, a site-specific EE is detected as a potential outlier if it has a StdR estimate > 1.96
[13]. However, at least one site-specific EE is always detected as a potential outlier by chance
in this method due to the exclusion of one site-specific EE at a time, resulting in a high false

discovery rate or family-wise type-1 error [13].

Two additional methods to detect potential outliers in REM models are: 1) relative change
in the pooled EE variance (RCPEV) and 2) relative change in the estimated between-site
variance (RCEBV) [13]. Ratios of the pooled EE variance that excludes one site-specific EE
at a time with all site-specific EEs are compared in the RCPEV method. Comparisons among
ratios of estimated between-site variance that exclude one site-specific EEs at a time with all
site-specific EEs are estimated in the RCEBV method. As a rule of thumb, site-specific EEs
with RCPEV and RCEBYV < 1 are detected as potential outliers [13]. The RCPEV method
cannot be used for the FEM model because RCPEV estimates reflect the information sizes
(i.e., proportional sample sizes) [22]. The RCEBV method cannot be applied to the FEM

model and in the absence of substantial heterogeneity between site-specific EEs [13,22].

2.2.2 Model-based methods

A model-based method, the random-effects variance shift outlier model (RVSOM), has
been proposed to detect potential outliers [14]. Each site-specific EE is tested to determine if
it is a potential outlier in the RVSOM, where a potential outlier is assumed to have a
distribution with a higher within-site variance than the remaining site-specific EEs.

Parametric bootstrapping is used to find the empirical sampling distribution of the test
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statistic. Multiple outliers can be detected using second, third, and possibly a higher-order
statistic. However, the RVSOM is not recommended when multiple potential outliers are

present in a meta-analysis [14].

Beath proposed a finite mixture method to detect potential outliers for the REM model in
which a site-specific EE is assumed to belong to one of the two classes [15]. The classes in a
finite mixture method are the same, except the variance of site-specific EEs is higher in the
class that contains potential outliers. The empirical sampling distribution of the test statistic is
derived using parametric bootstrapping. Results are then visualized using the posterior
probability of membership in each class (i.e., whether or not a site-specific EE is a potential
outlier). There is strong evidence of a site-specific EE detected as a potential outlier if the
posterior probability is > 0.9. However, a large sample size is required to distinguish the two

classes in a finite mixture method [26].

A model-based mean-shift (MMS) method for meta-analysis was proposed by Negeri and
Beyene [17] and also by Noma et al. [18]. The MMS method assumes that the random-effects
distribution for a potential outlier has a shifted mean compared to the remaining site-specific
EEs. Parametric bootstrapping is used to find the empirical sampling distribution of the test
statistic [14,17,18,22]. One of the key strengths of the MMS method is that one can use it in a
meta-analysis of site-specific EEs from distributed analyses of a multi-site network [22],
diagnostic test accuracy meta-analysis [17], network meta-analysis in frequentist [18] and
Bayesian [27] frameworks. The MMS method for meta-analysis is easy to understand, simple
to apply, and familiar to researchers because it is extended from an outlier detection method
in linear regression [28]. However, when the number of site-specific EEs < 10, the resampled
site-specific EEs in the parametric bootstrapping method do not represent their population

distribution [29,30].
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2.2.3 Algorithm-based methods

An algorithm-based outlier detection method is described by Mavridis and colleagues
[16]. They used a forward search (FS) algorithm to detect a potential outlier in meta-analysis
models. In the FS algorithm, an initial clean (i.e., likely outlier-free) subset of site-specific
EEs is chosen from all site-specific EEs included in a meta-analysis. With an initial subset of
site-specific EEs, the FS algorithm searches for potential outliers and constitutes the “basic
set”, while the “non-basic set” consists of the remaining site-specific EEs. The FS algorithm
then adds site-specific EEs from the non-basic set to the basic set until all site-specific EES
are in the basic set. The FS algorithm sorts site-specific EES by their closeness to the
hypothesized model and monitors various test statistics (such as the pooled EEs, between-site
variance, and Cook’s distance) throughout the search, allowing one to explore if a change
occurred due to a potential outlier or random error. Once a potential outlier has been detected
from the FS algorithm, researchers can follow the recommendation of the Cochrane
Handbook and exclude the potential outlier from a meta-analysis as a part of sensitivity
analysis. However, the FS algorithm can only detect a single potential outlier. Furthermore,
the order of parameters (i.e., choice of the initial subset, size of the initial subset, and number
of samples for site-specific EEs explored) in the FS algorithm can influence site-specific EEs

that are detected as potential outliers [16].

2.3 Application of outlier detection methods in real-world meta-analyses

Several methods were proposed in the literature to detect potential outliers in the REM
model, namely rule-based (StdR, RCPEV, and RCEBV) [13], model-based (RVSOM method
[14], finite mixture method [15], the MMS method [17,31]), and algorithm-based (the FS
algorithm [16]) methods. Rule-based outlier detection methods proposed by Viechtbauer and

Cheung [13] and the MMS method [17,31] in the REM model have received notable attention
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in real-world meta-analyses because these methods are readily available through “metafor”

[19], “altmeta” [20], and “meta” [21] packages in R.

The “metafor” and “altmeta” packages include the StdR, RCPEV, RCEBV, and MMS
methods [19,20], while only the RCPEV method is available in the “meta” package [21]. In
the “metafor” package, estimates from the methods are presented in a table and site-specific
EEs detected as potential outliers by any of the methods are marked with asterisks.
Additionally, the “metafor” package allows for plotting the index of site-specific EES on the
horizontal axis and the estimates of each method on the vertical axis, enabling visual

detection of potential outliers [19].

2.4 Simulation studies about outlier detection methods in meta-analysis models

A small number of simulation studies have compared the performance of outlier detection
methods in meta-analysis models [17,22]. A simulation study evaluated the performance of 1)
StdR, 2) RCPEV, 3) RCEBV, and 4) MMS methods in the context of meta-analyses for a
multi-site clinical trial [22]. Parametric bootstrapping was used in all four methods to find the
empirical sampling distributions of the test statistics. As between-site variance increased, the
performance of all methods to detect outliers decreased [22]. When the difference between
outlier site-specific EEs and the remaining site-specific EEs was small, the performance of all
methods decreased [22]. In the case of multiple outliers and small heterogeneity in site-
specific EEs, the StdR and MMS methods detected at least one and all three outliers correctly
90.2% and 93.6% of the time, respectively [22]. However, the probability of detecting
multiple outliers decreased for the StdR and MMS methods when between-site variance and
the difference between outlier site-specific EEs and the remaining site-specific EEs increased

[22].
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Another simulation study applied 1) StdR, 2) RCPEV, 3) RCEBV, and 4) MMS methods
in the context of meta-analyses for diagnostic test accuracy [17]. Parametric bootstrapping
was applied to all methods to find the empirical sampling distributions of the test statistics.
The simulation results indicated that the performance of StdR and MMS methods improved
when the number of site-specific EEs increased and outlier site-specific EEs had substantially
larger means than the means for site-specific EES that were not detected as outliers [22]. On
average, more than 80% of the time, the RCPEV and RCEBV methods detected at least two
of the three outliers correctly [22]. This study showed that the RCPEV and RCEBV methods

could detect multiple outliers more accurately than the StdR and MMS methods [22].

2.5 Summary

In summary, previous research has proposed rule-, model-, and algorithm-based outlier
detection methods for meta-analysis models, in which some methods are proposed
specifically for the REM model. Only rule and model-based methods are widely accepted
among researchers because these methods can be easily applied to detect potential outliers in

real-world meta-analyses through statistical packages in R [19-21].

The StdR, RCPEV, RCEBV, and MMS methods were assessed in two simulation studies
[17,22]. In the case of multiple outliers, one simulation study concluded that the StdR and
MMS methods performed better than the RCPEV and RCEBV methods [22]. However, the
second simulation study results concluded the opposite [17]. The conflict in the results of
simulation studies occurred likely due to variations in simulation parameters and the choice
of simulation conditions [17,22]. Both of the simulation studies were unable to capture
variations in the performance of methods due to a narrow exploration of simulation
conditions [17,22]. Besides, rule-based methods (StdR, RCPEV, and RCEBV) were used

differently in both simulation studies [17,22]. Comparisons among the StdR, RCPEV, and
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RCEBYV methods were drawn using parametric bootstrapping to find the empirical sampling
distributions of the test statistics [17,22]. However, when the number of site-specific EEs <
10, the resampled site-specific EESs in the parametric bootstrapping method may not be

representative of their population distribution [29,30].
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Chapter 3: Methods and Materials

In this chapter, we describe the REM model and propose methods to detect potential
outliers. To achieve objective 1, a simulation study was conducted to compare the
performance of outlier detection methods in the REM model. Our focus was on widely used
rule-based outlier detection methods (StdR, RCPEV, RCEBV) and the MMS method in the
REM model. To address objective 2, we systematically selected meta-analyses from peer-
reviewed publications of distributed analyses from a multi-site network. We then applied
outlier detection methods to site-specific EEs and estimated the REM model parameters with

and without potential outliers.

We sought an ethics application waiver because data were collected from peer-reviewed
publications. This waiver was approved by the Department of Community Health Sciences,

Max Rady College of Medicine, University of Manitoba.

3.1 Random-effects meta-analysis model
Assume y; is the site-specific EE for the i site and randomly sampled from the population
distribution of site-specific EEs, where i = 1,2, ..., k and k indicates the number of site-
specific EEs. The REM model is,
yi =0; +e; ,~N(0,v)), 1)
where,
6; = pu +uy; u;~N(0,7%). )
In equation 1, each y; is assumed to vary by a random amount, determined by the within-
site variance (v;); 6; denotes the estimated site-specific EEs weighted by within-site error
variance for the i site and is assumed to differ from the pooled EE (u) by a random amount,
determined by the between-site variance (72). Within-site errors (e;) and between-site errors

(u;) are assumed to be independent.
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Then, fi is estimated using a weighted average of y;, where each site-specific weight is,

__1 3
Wi - 171'+T2’ ( )
such that,
.~ ZE Wi (@))
l’t - Zi’czlwi '

The Q-statistic is used to test for homogeneity in 8; under the null hypothesis, where all

0;s are assumed to be homogeneous. Homogeneity in 8; can be tested using Q =

Ywi(y; — 6 )2, where Q~)((2k_1). Moreover, 2 is estimated based on the methods of

moments framework and is known as the DerSimonian and Laird (DL) method [32]. The

percentage of variation due to heterogeneity in site-specific EEs can be estimated from 12
such that I? = % x 100% where df = k — 1 [33,34]. Note that when 2 = 0, the FEM

and REM models are equivalent.

3.2 Outlier detection methods in random-effects meta-analysis model
3.2.1 Studentized residual estimates

We begin by describing an outlier detection method similar to the dfbeta statistic used in
conventional regression analyses [35,36]. Outlier detection methods based on StdR estimates
generally measure the distance between observed and predicted values and standardize
estimated residuals with the standard error of the distance between observed and predicted
values [35,36]. In a meta-analysis, £ is estimated from y; and i is dependent on y; [1]. A
conventional StdR estimate is not suitable to detect site-specific EEs that are potential
outliers due to the dependency of j on y; [13]. This limitation of a conventional StdR
estimate can be addressed by excluding one site-specific EE at a time while estimating StdR

[6,13].
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Let 29 and £2(-9 be estimated using the DL method based on site-specific EEs of k — 1

sites. Then, StdR estimates are defined as,

A 7l A (5)
VVarly; — iC9]
where,
Varly, - 9] = @) - (S, w0) ©®
and,
w0 = (2200 4 62) 7. ()

We can interpret t; as a StdR estimate for the i site estimated from the REM model by the
other k — 1 sites. Under the REM model, t; is assumed to follow the standard normal
distribution [13]. If the REM model assumptions are violated, the parametric bootstrapping
method can be used to derive the empirical sampling distribution of t; [22]. However, when
the number of site-specific EEs < 10, the resampled site-specific EEs in the parametric
bootstrapping method do not represent their population distribution [29,30]. Therefore, as a
rule of thumb, we compare the absolute value of ¢; with the threshold of two standard
deviations from the mean of standard normal distribution. A site-specific EE from distributed

analyses of a multi-site network is detected as a potential outlier if |¢t;| > 1.96 [13].

3.2.2 Relative change in the pooled effect estimate variance
The RCPEV method estimates ratios of pooled EEs for a dataset that excludes each site-
specific EE one at a time and a dataset containing all site-specific EEs. Viechtbauer and

Cheung proposed this method for the REM model [13].

~ (=i ~ (=) 8)
ar[aCY] 298 0) (
COVRATIO; = Varld] = = ‘;\/i
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This method examines the impact of a site-specific EE on the precision of fi, where
COVRATIO; ranges between 0 and oo. The sampling distribution of COVRATIO; can be
derived using the parametric bootstrapping method. However, when the number of site-
specific EEs < 10, the parametric bootstrapping method for deriving the sampling distribution
of COVRATI0; is not reliable because the resampled site-specific EEs do not represent their
population distribution [29,30]. As a rule of thumb, COVRAT10; < 1 indicates that the
exclusion of a site-specific EE increases the precision of ji and the excluded site-specific EE
is detected as a potential outlier. When COVRATIO; > 1, the excluded site-specific EE is not

a potential outlier [13].

3.2.3 Relative change in the estimated between-site variance

Viechtbauer and Cheung proposed using the ratio of £2 for a dataset that excludes each
site-specific EE one at a time and a dataset that contains all site-specific EEs [13]. This
method is effective for outlier detection in the presence of substantial £2:

fz(—i) (9)

A

72

R; ranges between 0 and oo. The sampling distribution of R; can be derived using the
parametric bootstrapping method. When the number of site-specific EEs < 10, the parametric
bootstrapping method to derive the sampling distribution of R; is not reliable because the
resampled site-specific EEs do not represent their population distribution [29,30]. As a rule of
thumb, R; < 1 indicates that the exclusion of a site-specific EE decreases between-site
variance, and the excluded site-specific EE is detected as a potential outlier. For R; > 1, the

excluded site-specific EE is not a potential outlier [13].

3.2.4 Model-based mean-shift method
Negeri and Beyene [17] and Noma et al. [18] proposed the MMS method, which assumes

that 1) the random-effects distribution of a site-specific EE for the corresponding j" site is
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shifted as 6;~N(u + &, 7%), where j indicates a potential outlier and 2) site-specific EEs of

k — 1 sites follow the same distribution as a REM model, that is, 8;~N (i, 72). Then, we can

test the hypothesis,
Hy: 8 =0vs.Hy;: 6 # 0,

using a likelihood ratio test (LRT). The log-likelihood function under H, corresponds to the

REM model and is written as,

k
1 i —w?
2y — _ . 2y 42t 2 ¢ 10
Lok, %) ZZ{logZE(vl+T)+ - (10)
1=
The log-likelihood function under the alternative hypothesis is,
k 2
1 (v —n—9)
1=
1 (i —w? (11)
i . 2 AL
22, {loan(vl +1°)+ -
i#]
Then, the LRT statistic is given by
LRTy; = —2{lo(2, %) — Ly (A, 2, 61) (12)

where {4, %} is the maximum likelihood (ML) estimate of H, and {4;;), {3, 65} is the ML
estimate of the MMS method for j*" site-specific EEs. The LRT; is assumed to follow a y?
distribution with 1 degree of freedom under H,. However, asymptotic theory, which relates
the distribution of LRTj;; to a y? distribution under H,, does not apply here because H, falls

on the boundary of the parameter space, and regularity conditions are not met [14,17,18].
Accordingly, we used a parametric bootstrap method to find the empirical sampling

distribution of LRT}; [14,17,18,22].

26



In summary, the MMS method requires four steps. First, we compute the ML estimates for
{a,%2} and {ay, %y, (1} Then, we resample ), y*, ...,y from y; with replacement
and apply parametric bootstrap method B times, where b = 1,2, ..., B. We then compute the

; A (D) »20) A(D) A2 &(b) th
ML estimates {,u , T } and {M[j] ] ,6[].] } for the b™ bootstrap sample of

() () (b)

Vi ¥y e Y With Dy, D, ..., Dy and calculate the LRT statistic,
() _ A(b) 22(D) A(0) ~2(B) o(b) 13
LRt = =2 {1, (4, #2) = Ly (3, #5767 4

This test statistic is computed for all B bootstrap samples. Finally, we obtain the bootstrap

estimate of LRT(; and its p-value from the empirical sampling distribution of

LRT?%LRT?

B)
[j] y) '

) (
, ...,LRT[J.]

3.3 Simulation design and method
3.3.1 Data generation

For objective 1, computer simulation was used to evaluate the performance of the
proposed outlier detection methods. We manipulated two simulation design characteristics: 1)
number of site-specific EEs (k) and 2) number of outliers (m). Meta-analyses in previously
published simulation studies manipulated k ranging from 4 to 30 and m between 1 and 2
[17,22]. Besides, a meta-analysis for a multi-site network typically consists of a small number
of site-specific EEs and a small number of potential outliers [15]. Therefore, our simulation

design characteristics consisted of k = 10, 20, 30 and m =1, 2.

The investigated simulation parameters were considered from previously published
simulation studies, including 1) within-site variance (v), 2) mean EE for k-m sites (u,), 3)
mean EE for m sites (u), and 4) between-site variance (t2) [17,22]. Site-specific EEs were
randomly generated from the mean of site-specific EESs, assuming a normal distribution,
where the mean of site-specific EEs differed between u, and y, [22]. Briefly, u, = 0.50, 1.00,
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and 1.50 represent decreased, no, and increased risk or odds for an outcome of interest
relative to a reference category. In previously published simulation studies, values of u, were
selected based on real-world meta-analyses [17,22]. We calculated the values of u, based on
the quartiles of u,, representing small and large differences between outlier site-specific EEs
and the remaining site-specific EEs. Large differences between outlier site-specific EEs and
the remaining site-specific EEs were defined as site-specific EEs smaller than the first
quartile of u, — 3x(inter-quartile range of w,) or greater than the third quartile of u, +
3x(inter-quartile range of u,). Small differences between outlier site-specific EEs and the
remaining site-specific EEs were defined as site-specific EEs smaller than the first quartile of
Uo — L.5x(inter-quartile range of u,) or greater than the third quartile of p, + 1.5x(inter-
quartile range of u,) [37,38]. Accordingly, the calculated u, from corresponding p, were
used as parameter values (see Table 1). Then, we randomly generated site-specific EEs for k-

m sites from N (uo, 72) and for m sites from N (uy, 72).

Various values of v can be used as a proxy for the number of observations at each site to
capture heterogeneity within sites. That is, large sample sizes within a site produce smaller v,
which influences parameter estimation in a meta-analysis [39]. Therefore, we evaluated v at
0.05, 0.50, and 1.00. When 72 > 0.05, the REM model is likely to be applied in practice
[40,41]. We considered 72 = 0.05, 0.50, and 1.00 while randomly generating site-specific

EEs.
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Table 1. Simulation conditions for various combinations of simulation design characteristics

with simulation parameters.

Simulation design
characteristic

Simulation parameter

Number of
sites

(k)

Number of
outliers

(m)

Within-site
variance

v)

Mean EE for
k-m sites
(4o)

Mean EE
for m sites

(1)

Between-site
variance

(r?)

10, 20, 30

0.05, 0.50, 1.00

0.50

0.35

0.05

0.50

1.00

0.15

0.05

0.50

1.00

1.00

0.85

0.05

0.50

1.00

0.65

0.05

0.50

1.00

1.50

1.35

0.05

0.50

1.00

1.15

0.05

0.50

1.00

10, 20, 30

0.05, 0.50, 1.00

0.50

0.35

0.05

0.50

1.00

0.15

0.05

0.50

1.00

1.00

0.85

0.05

0.50

1.00

0.65

0.05

0.50

1.00

1.50

1.35

0.05

0.50

1.00

1.15

0.05

0.50

1.00

29



In summary, we assessed the proposed outlier detection methods under two main
scenarios. In the presence of a single site-specific EE that was an outlier, the performance of
outlier detection methods was evaluated for various simulation conditions in scenario 1. In
scenario 2, the performance of outlier detection methods was assessed for various simulation
conditions when two site-specific EEs were outliers. For each combination of k and m, we
fixed v = 0.05, 0.50, and 1.00. For each combination of k, m, and v, we considered u, = 0.50,
1.00, and 1.50. For every combination of k, m, v, and p,, we used two values of p,
representing small and large differences between outlier site-specific EEs and the remaining
site-specific EEs based on y, values. Finally, for each combination of k, m, v, u,, and u,, we
considered 72 = 0.05, 0.50, and 1.00. In total, we investigated 54 sets of simulation

conditions for each k and m (Table 1).

3.3.2 Validity of simulation results

For objective 1, site-specific EEs without outliers were randomly generated to check the
validity of simulation results. Values of k and simulation parameters (v, p,, and 72) were the
same as Table 1 while generating site-specific EEs, when m= 0. For each combination of k
and m, we had 27 simulation conditions in randomly generated site-specific EEs (Appendix
A). Based on previous literature, a total of n = 1000 simulation iterations were performed for

each set of simulation conditions [22].

StdR estimates for each simulation condition were visualized using density plots for
validation purposes because it is known that StdR estimates under the REM model are
assumed to follow a standard normal distribution [13]. If the majority of StdR estimates for
each simulated condition were concentrated at 0, this suggests that StdR estimates have a

mean of 0, and according to that the simulation is valid.
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3.3.3 Performance metrics

In our simulation study, observed classes of randomly generated site-specific EEs were
known. The expected classes of randomly generated site-specific EEs were then predicted or
classified using the proposed outlier detection methods. For simulation iteration, a confusion
matrix was constructed, and the performance of each method was evaluated using median
accuracy and median misclassification error (ME). Due to the class imbalance between site-
specific EEs that are outliers and the remaining site-specific EEs, we additionally estimated

the median F-1 score for each method [42].

Consider the following confusion matrix,

Observed class

Predicted class Positive Negative
Positive True positive (TP)  False positive (FP)
Negative False negative (FN) True negative (TN)

Here, true positive (TP) is the number of site-specific EEs that are observed and predicted
as outliers by each of the investigated outlier detection methods. False positive (FP) is the
number of site-specific EEs that are incorrectly predicted to be outliers but were observed as
non-outliers. False negative (FN) is the number of site-specific EEs that are observed as
outliers but predicted as not being outliers. The number of site-specific EEs that are correctly
predicted as not being outliers is known as true negative (TN). The median values of the

performance metrics were estimated as follows:

Median accuracy = (&) /1000,
TP+TN+FP+FN (14)
Median ME = (1 - Mean accuracy) /1000, and (15)
Median F-1 score = (ﬁ) /1000. (16)
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The higher the values of accuracy and F-1 score, the better a method is performing in
detecting outlier site-specific EEs. Low values of ME indicate good performance for a
method because low values reflect the ability of an outlier detection method to minimize
incorrect predictions. We estimated medians of performance metrics because median
estimates are consistent for all distributions of performance metrics whether or not they

follow symmetric distributions.

3.3.4 Analyses of performance metrics
Median accuracy, F-1 score, and ME values with their interquartile ranges (IQR) for each
outlier detection method were analyzed descriptively and visualized with boxplots to achieve

objective 1.

For each method, random-effects analysis of variance (RE-ANOVA) models were used to
assess the impact of treatment (i.e., simulation design characteristics and parameters) on the
variation of performance metrics. RE-ANOVA models were appropriate for our case as
treatments were randomly sampled from a large population of treatment values, where
random-effects residuals were assumed to follow a standard normal distribution [43].
Simulation design characteristics and parameters as main effects along with two-way their

interactions were considered as treatments in RE-ANOVA models. We reported eta-squared

(n?) and partial eta-squared (775) as measures of effect size [44].

The coefficient n? is defined as:

2 (SStreatment (17)

x 100.
SStotal )
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The coefficient nj is defined as:

(18)

5 ( SStreatment

nZ = ) X 100.

SStreatment + SSresidual

where SS;rearmen: denotes the sum of squares of a treatment (i.e., a simulation design
characteristic or parameter), SS;,:q; denotes the total sum of squares, and SS, ¢s;quq; denotes
the sum of squared residuals. We interpret n? estimates as the percentage of variance
explained by a treatment as main effect or interaction between two treatments. In contrast, 75
estimates can be interpreted as the percentage of variance explained by a treatment as a main
effect or interactions between two treatments, after adjusting for other treatments included in
a RE-ANOVA model. When there is only one treatment included in a RE-ANOVA model, n?

and n; estimates are equivalent.

The assumption of a standard normal distribution for random-effects residuals was
validated by quantile-quantile (Q-Q) plots for each method by their performance metrics. In
Q-Q plots, standard normal quantiles were plotted on the horizontal axis against the quantiles
of random-effects residuals on the vertical axis for each method by their performance metrics.
When the random-effects residuals aligned closely with the reference line of the standard
normal distribution, it indicates that the random-effects residuals follow a standard normal

distribution.

The assumption of homogeneity of variances in a performance metric was assessed by
plotting fitted values obtained from the RE-ANOVA model on the horizontal axis against the
estimated random-effects residuals on the vertical axis for each method. If the random-effects
residuals were equally spread around the reference line without any distinct patterns, it

indicates that the variances in performance metrics are homogeneous in RE-ANOVA models.
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3.4 Application to real-world data
3.4.1 Data source

For objective 2, we systematically selected meta-analyses from peer-reviewed publications
of site-specific EEs conducted by investigators from CNODES. CNODES is a multi-site
network of seven Canadian provinces (Alberta, British Columbia, Manitoba, Nova Scotia,
Ontario, Québec, and Saskatchewan) and investigates drug safety and effectiveness at the
population level [3]. All peer-reviewed publications (between 2011 and 2022) for meta-
analyses of site-specific EEs conducted by investigators from CNODES can be found here:

https://www.cnhodes.ca/about/publications/.

3.4.2 Selection of real-world meta-analyses

FEM models were initially used by investigators from CNODES to pool site-specific EES
[45,46], as multi-site networks conduct research with an identical site-specific study protocol
to minimize heterogeneity in site-specific EEs and assume site-specific EEs are not randomly
sampled from a potentially larger set of sites [3]. Since 2016, investigators from CNODES
adopted REM models to pool site-specific EEs because REM models can reduce to FEM
models when estimated between-site variances are small and provide more unbiased pooled
EEs than FEM models in the presence of potential outliers [9]. Therefore, peer-reviewed

publications before 2016 were excluded from the application of outlier detection methods.

We selected meta-analyses from peer-reviewed publications of site-specific EEs conducted
by investigators from CNODES based on estimated £2 and the number of site-specific EEs.
When %2 estimates were small, REM models can reduce to FEM models, leading to identical
pooled EEs with their 95% Cls [1]. Meta-analyses conducted by investigators from CNODES
also corroborate this observation [47,48]. Hence, meta-analyses were excluded from our

investigation of potential outliers when the estimates derived from both FEM and REM
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models were equivalent. Previous research recommended investigating potential sources of
variability in site-specific EEs when the number of site-specific EEs < 4, rather than applying
methods to detect potential outliers that could produce high heterogeneity in site-specific EEs
[49,50]. We thus included meta-analyses, where the number of site-specific EEs > 4 for the

application of outlier detection methods.

In summary, we systematically selected peer-reviewed publications of site-specific EEs
conducted by investigators from CNODES. Following that, we applied outlier detection
methods to the selected meta-analyses and performed REM models with and without
potential outliers to capture the impact of potential outliers on the estimated pooled EEs, 2,

and 2.

3.4.3 Required estimates of the random-effects model parameters for selected meta-
analyses

Estimates of REM model parameters were not reported in several peer-reviewed
publications conducted by investigators from CNODES, including: 1) standard errors of site-
specific EEs, 2) £2 estimates, and 3) site-specific weights. However, site-specific EEs with
their 95% lower confidence intervals (LCIs) and upper confidence intervals (UCIs) were
reported in every selected meta-analysis. Therefore, standard errors of site-specific EEs were

calculated as follows: 1) convert 95% LCls and UClIs of site-specific EEs on the log scale,

In(95% UCIs)—In (95% LCIs)
2%1.96

and 2) standard error estimates = [51].

We performed REM models using site-specific EEs with their standard error estimates to
calculate £2. If standard error estimates were not reported, we first estimated standard errors

and then fit REM models to estimate £2. Site-specific weights were estimated from equation

).
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3.4.4 Data analysis for selected meta-analyses

We compared outlier detection methods for selected meta-analyses to achieve objective 2.
Questions addressed when comparing outlier detection methods were: 1) did the method
detect any outlier site-specific EEs? 2) how many outlier site-specific EEs were detected by
the method? and 2) did the method detect the same site-specific EEs as outliers with the other

methods?

We gained insight into the methods’ sensitivity to detect outliers from question 1.
Variation in the number of potential outliers detected by each method was captured in
question 2. Question 3 described agreement among methods for the site-specific EEs that
were detected as potential outliers. For questions 1 and 3, if the method detected potential
outliers and the detected outliers agreed with other methods, we marked the response as “v"’;

otherwise it was “X”. Numeric responses were recorded for question 2.

The impact of potential outliers was captured by performing REM models with and
without site-specific EEs that were detected as potential outliers. 2, /2, and pooled EEs from
REM models with and without potential outliers were estimated. We then examined whether
the estimated £2 and /2 were present or absent (i.e. £2 and I estimates reduced to 0) once
potential outliers were excluded from REM models. Changes in the magnitude (decreased,
same, increased), and direction (same, opposite) of pooled EEs were monitored from REM
models with and without potential outliers. The change in the precision of pooled EEs was
measured by taking the difference between 95% UCIs and LCIs. If the difference in UCIs and
LClIs for REM models without potential outliers was narrower than REM models with
potential outliers, it indicates an increase in the precision of pooled EEs. On the contrary, a

larger difference suggests a decrease in the precision of pooled EEs.
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Chapter 4: Results

4.1 Simulation study

For objective 1, a computer simulation was conducted using the following steps: 1)
randomly generated data from the prespecified simulation conditions, 2) checked the validity
of simulation results, 3) calculated performance metrics for each outlier detection method,
and 4) analyzed performance metrics for each method using boxplots and RE-ANOVA

models.

4.1.1 Overall performance of outlier detection methods

StdR estimates for each simulation condition were visualized using density plots for
validation purposes. The StdR method was selected for validation because it is known that
StdR estimates under the REM model are assumed to follow a standard normal distribution
[13]. StdR estimates for each simulated condition were concentrated at 0, which suggested

that StdR estimates have a mean of 0 and indicated valid simulation findings (Appendix B).

4.1.1.1 Overall accuracy values

Figure 1 and Table 2 provide information about the overall accuracy values for each
outlier detection method. The highest median accuracy value was observed for the StdR
(89.9%, IQR: 86.3%-92.5%), followed by RCPEV (87.9%, IQR: 83.6%-92.3%). The lowest

median accuracy was for the RCEBYV (68.6%, IQR: 38.2%-94.9%).
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Figure 1. Overall accuracy of outlier detection methods.

We observed symmetric distributions in accuracy values for StdR and RCPEV methods. The
RCEBYV had a larger variation in accuracy values when compared to other outlier detection

methods.

Table 2. Estimated quartiles for the overall accuracy values of outlier detection methods.

Quartiles
Method 25% | 50% | 75%
StdR 86.3 89.9 925
RCPEV 83.6 87.9 92.3
RCEBV 38.2 68.6 94.9
MMS 70.3 79.0 84.8

StdR= Studentized residual estimates, RCPEV= Relative change in the pooled effect estimate variance, RCEBV=
Relative change in the estimated between-site variance, MMS= Model-based mean-shift method.

4.1.1.2 Overall F-1 score values
Figure 2 and Table 3 summarize overall F-1 score values for each outlier detection

method. The highest median F-1 score value was achieved by RCEBV (38.8%, IQR: 20.0%-

66.9%).

38



1007

904

80

70

60

501

40

FPerformance (%)

30

|
207 T
T

101 '

S T — |

StdR RCPEV RCEBY MMS
Method

Figure 2. Overall F-1 score of outlier detection methods.

MMS had the lowest median F-1 score value of 9.0% (IQR: 6.4%-12.7%). However, the
overall F-1 score values never exceeded 50%. Except for the MMS method, skewed
distributions were observed in F-1 score values for the other methods. A larger variation in F-

1 score values was observed for RCEBV when compared to other outlier detection methods.

Table 3. Estimated quartiles for the overall F-1 score of outlier detection methods.

Quartiles
Method 25% | 50% | 75%
StdR 9.4 15.6 345
RCPEV 8.5 13.8 25.5
RCEBV 20.0 38.8 66.9
MMS 6.4 9.0 12.7

StdR= Studentized residual estimates, RCPEV= Relative change in the pooled effect estimate variance, RCEBV=
Relative change in the estimated between-site variance, MMS= Model-based mean-shift method.

4.1.1.3 Overall misclassification error values

A summary of the overall ME values for each outlier detection method is present in Table
4 and Figure 3. StdR had the lowest (i.e., best) median ME value (10.2%, IQR: 7.5%-
13.7%), followed by RCPEV (12.1%, IQR: 7.7%-16.4%). RCEBV had the highest median

ME value (31.4%, IQR: 5.1%-61.8%).

39



100

901

80

70

60

50

404

FPerformance (%)

30

201

104

L L

1

—

StdR RCPEV

RCEBV

MMS

We observed symmetric distributions in ME values for StdR and RCPEV methods.

Similar to accuracy and F-1 score values, a larger variation in ME values was observed for

Figure 3. Overall misclassification error of outlier detection methods.

RCEBYV when compared to other outlier detection methods.

Table 4. Estimated quartiles for the overall performance of outlier detection methods.

Quartiles
Method 25% 50% \ 75%
StdR 75 10.2 13.7
RCPEV 7.7 12.1 16.4
RCEBV 5.1 31.4 61.8
MMS 15.2 21.0 29.7

StdR= Studentized residual estimates, RCPEV= Relative change in the pooled effect estimate variance, RCEBV=
Relative change in the estimated between-site variance, MMS= Model-based mean-shift method.

4.1.1.4 Summary

For accuracy and ME values, StdR outperformed other outlier detection methods, whereas

RCEBYV outperformed other methods for F-1 score values. We observed a larger variation in

all performance metrics for RCEBV when compared to other outlier detection methods. The

performance of RCPEV was consistent for all performance metrics compared to other

methods.
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A summary of performance metrics by simulation design characteristics and simulation
parameters for each method is included in Appendix C. We observed that the performance of
outlier detection methods was associated with simulation parameters. Specifically, the
performance of the StdR and RCEBYV methods to detect outliers improved when between-site
variance and mean EE for outlier sites increased, whereas the performance of the RCPEV and

MMS methods declined under these conditions.

4.1.2 Random-effects analysis of variance for performance metrics

For objective 1, the assumption of random-effects residuals in RE-ANOVA models was
assessed using Q-Q plots for each method and each performance metric [43]. In Q-Q plots,
all of the performance metrics for each method fall on the reference line of the standard
normal distribution, indicating random-effects residuals follow a standard normal distribution

(Appendix D).

The assumption of homogeneity of variances in performance metrics was assessed by
plotting fitted values obtained from RE-ANOVA models on the horizontal axis and estimated
random-effects residuals on the vertical axis for each method. In all of the plots, random-
effects residuals were equally spread around the reference line and there was no evidence of
distinct patterns. These results indicate the variances in performance metrics are

homogeneous in RE-ANOVA models (Appendix E).

4.1.2.1 Accuracy values

Table 5 displays estimated n? (percentages) for accuracy values of outlier detection
methods by individual simulation design characteristic/parameter and their 2-way
interactions. The main effects and two-way interactions that were fitted in RE-ANOVA
models for the accuracy values explained 90.9%, 85.5%, 85.1%, and 78.8% of the variation

in RCEBV, StdR, RCPEV, and MMS methods. k and 72 explained the majority of variation
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in accuracy values for the StdR, RCPEV, and MMS methods. While 64.3% and 15.4% of the
variation in accuracy values were explained by ¢2 and 2 for the RCEBV method.

Table 5. Estimated n? (percentages) for accuracy values of outlier detection methods by
individual simulation design characteristic/parameter and their 2-way interactions.

Simulation design StdR  RCPEV RCEBV MMS
characteristic/parameter
k 35.0 27.8 0.2 14.9
m 16.6 10.9 0.8 0.1
o? 0.1 3.8 64.3 8.0
Uo 0.3 0.0 0.0 0.0
Uy 0.3 0.2 0.4 34
72 25.8 28.1 15.4 36.9
k:m 4.4 2.4 0.0 0.0
k:o? 0.0 0.2 0.3 0.1
K:uo 0.0 0.0 0.0 0.0
K:uy 0.0 0.1 0.0 0.1
k:t? 0.6 0.6 2.2 1.2
m:o? 0.2 0.6 0.2 0.3
m: i, 0.0 0.0 0.0 0.0
m: 0.0 0.0 0.0 0.1
m:t? 0.1 0.1 0.7 1.2
a?u, 0.0 5.0 0.0 0.0
a2, 0.1 0.0 0.1 0.2
o272 1.5 5.0 5.7 7.4
Uo Hq 0.0 0.0 0.0 0.0
Lo T2 0.5 0.3 0.6 4.9
Uy T2 0.0 0.0 0.0 0.0
Total 85.5 85.1 90.9 78.8

- refers to an interaction between two simulation design characteristics/parameters.

StdR= Studentized residual estimates, RCPEV= Relative change in the pooled effect estimate variance, RCEBV =
Relative change in the estimated between-site variance, MMS = Model-based mean-shift method, k= number of sites, m=
number of outliers, o2= within-site variance, u,= mean effect estimate excluding outliers, ;= mean effect estimate for
outliers, 2= between-site variance.

From Table 6, k, 72, and m accounted for 95.1%, 93.5%, and 90.2% of the variation in
accuracy values for StdR among other simulation design characteristics and parameters
included in RE-ANOVE models as main effects. For RCPEV, k and 72 explained 85.2% and
85.3% of variation in accuracy values. Overall, T2 contributed to 82.0% and 89.1% of

variation in accuracy values for the RCEBV and MMS methods, respectively.
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Amongst the two-way interactions of simulation design characteristics and parameters
included in RE-ANOVA models, k:m explained 71.0% of variation in accuracy values for the
StdR method. 50.7% of variation in accuracy values was described by o2:72 in the RCPEV
method, while o2:72 accounted for 62.6% of variation in accuracy values for the RCEBV
method. For the MMS method, ¢2:72 and u,:72 explained 62.0% and 52.0% of the variation

in accuracy values.

Table 6. Estimated n; (percentages) for accuracy values of outlier detection methods by
individual simulation design characteristic/parameter and their 2-way interactions.

Simulation design StdR  RCPEV RCEBV MMS
characteristic/parameter
k 95.1 85.2 6.4 24.0
m 90.2 69.2 20.1 2.9
a2 3.4 44.2 95.0 64.0
Uo 16.2 0.0 0.0 0.0
Uy 16.2 4.4 9.9 43.3
72 93.5 85.3 82.0 89.1
k:m 71.0 33.6 0.8 0.8
kig? 2.0 3.5 9.3 2.4
K:uo 0.0 0.0 0.0 0.0
K:py 0.0 1.0 0.4 2.3
k:T? 24.5 10.9 39.7 20.7
m:o? 7.9 11.4 4.3 7.1
m: i, 0.0 0.0 0.0 0.0
m: 0.7 0.4 0.1 1.8
m:t?2 3.9 2.1 16.4 21.2
21U, 0.0 50.7 0.0 0.0
o, 2.9 0.0 1.7 5.0
o?:1? 45.4 50.7 62.6 62.0
Uo e 0.0 0.0 0.0 0.0
Lo -T2 20.5 5.6 15.3 52.0
Uy T? 0.0 0.0 0.0 0.0

- refers to an interaction between two simulation design characteristics/parameters.

StdR= Studentized residual estimates, RCPEV= Relative change in the pooled effect estimate variance, RCEBV =
Relative change in the estimated between-site variance, MMS = Model-based mean-shift method, k= number of sites, m=
number of outliers, o= within-site variance, u,= mean effect estimate excluding outliers, ;= mean effect estimate for
outliers, 2= between-site variance.
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4.1.2.2 F-1 score values

Estimated n? for F-1 score values of outlier detection methods by individual simulation
design characteristic/parameter and their 2-way interactions are present in Table 7. The main
effects and two-way interactions that were included in RE-ANOVA models for the F-1 score
values explained 86.1% of the variation in RCEBV, followed by 77.3%, 70.7%, and 70.2% of
the variation in RCPEV, StdR, and MMS methods. Overall, k and 72 explained the majority
of the variation in F-1 score values for all methods.

Table 7. Estimated n? (percentages) for F-1 score values of outlier detection methods by
individual simulation design characteristic/parameter and their 2-way interactions.

Simulation design StdR  RCPEV RCEBV MMS
characteristic/parameter
k 8.2 18.7 69.4 134
m 0.0 2.7 2.6 12.8
o? 0.6 1.8 3.8 1.6
Ko 0.0 0.0 0.0 0.0
i 2.9 16 0.2 0.4
72 48.5 28.9 5.3 30.8
k:m 0.1 0.8 0.1 0.2
k:o? 0.1 0.6 0.5 2.4
K:io 0.0 0.0 0.0 0.0
Koy 0.0 0.0 0.0 0.3
k:t? 05 0.5 11 2.9
m:o? 0.0 0.2 0.3 0.6
m: o 0.0 0.0 0.0 0.0
Mty 0.0 0.1 0.6 0.0
m:t? 0.3 0.9 0.0 0.6
a2:u, 0.0 0.0 0.1 0.0
oy, 0.3 0.2 0.0 0.3
o272 55 18.2 1.7 2.5
Lo [y 0.0 0.0 0.4 0.0
HoT? 3.7 2.1 0.0 1.4
W T2 0.0 0.0 0.0 0.0
Total 70.7 77.3 86.1 70.2

- refers to an interaction between two simulation design characteristics/parameters.

StdR= Studentized residual estimates, RCPEV= Relative change in the pooled effect estimate variance, RCEBV =
Relative change in the estimated between-site variance, MMS = Model-based mean-shift method, k= number of sites, m=
number of outliers, o2= within-site variance, u,= mean effect estimate excluding outliers, ;= mean effect estimate for
outliers, T2= between-site variance.
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Overall, T2 explained 94.2% and 70.5% of the variation in F-1 score values for StdR and
RCPEV methods among other simulation design characteristics and parameters that were
fitted in RE-ANOVA models as main effects (Table 8). While k described 86.5% and 67.5%
of the variation in F-1 score values for RCEBV and MMS methods.

Table 8. Estimated n (percentages) for F-1 score values of outlier detection methods by
individual simulation design characteristic/parameter and their 2-way interactions.

Simulation design StdR  RCPEV RCEBV MMS
characteristic/parameter
k 63.4 65.6 86.5 67.5
m 0.3 21.7 19.3 47.4
o? 17.2 15.7 25.9 9.8
Ko 0.0 0.0 0.0 0.0
U1 39.2 14.4 1.9 2.5
72 94.2 70.5 32.7 46.4
k:m 3.1 8.0 1.1 1.2
k:o? 4.5 5.9 4.8 14.1
K:io 0.0 0.0 0.0 0.0
Koy 05 0.3 0.1 2.0
k:t? 14.5 4.6 9.0 16.5
m:o? 0.1 2.1 2.7 3.8
m: o 0.0 0.0 0.0 0.0
m: ey 0.2 05 5.1 0.1
m:t? 8.2 8.9 0.0 4.2
a2:u, 0.0 0.0 1.3 0.0
oy, 9.8 2.3 0.0 2.2
o272 60.1 62.1 13.4 144
Lo [y 0.0 0.0 3.9 0.0
Uo.T? 47.4 18.3 0.0 8.5
W T2 0.0 0.0 4.0 0.0

: refers to an interaction between two simulation design characteristics/parameters.
StdR= Studentized residual estimates, RCPEV= Relative change in the pooled effect estimate variance, RCEBV =
Relative change in the estimated between-site variance, MMS = Model-based mean-shift method, k= number of sites, m=
number of outliers, o2= within-site variance, u,= mean effect estimate excluding outliers, ;= mean effect estimate for
outliers, T2= between-site variance.
Amongst the two-way interactions of simulation design characteristics and parameters
included in RE-ANOVA models, o2:72 accounted for 60.1%, 62.1%, 13.4%, and 14.4% of

variation in F-1 score values for StdR, RCPEV, RCEBV, and MMS methods. While p,:72
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explained 47.4%, 18.3% and 8.5% of variation in F-1 score values for StdR, RCPEV, and

MMS methods.

4.1.2.3 Misclassification error values

From the estimated n? for ME values, the main effects and two-way interactions that were
fitted in RE-ANOVA models explained 94.7% of the variation in RCEBV, followed by
85.8%, 84.3%, and 76.0% of the variation in StdR, RCPEV, and MMS methods (Table 9).
Table 9. Estimated n?(percentages) for misclassification error values of outlier detection

methods by individual simulation design characteristic/parameter and their 2-way
interactions.

Simulation design StdR  RCPEV RCEBV MMS
characteristic/parameter
k 31.0 25.8 0.2 1.6
m 15.3 12.9 0.9 0.1
o? 0.1 4.8 64.3 10.4
Ko 0.0 0.0 0.0 0.0
i 05 05 0.4 3.4
72 27.8 25.7 18.4 36.9
k:m 5.3 4.8 0.0 0.0
k:o? 0.0 0.7 0.3 0.2
K:to 0.0 0.0 0.0 0.0
Koty 0.0 0.1 0.0 0.1
k:t? 1.2 1.2 2.2 1.8
m:o? 0.5 0.8 0.4 0.3
m: o 0.0 0.0 0.0 0.0
M, 0.0 0.0 0.0 0.1
m:t? 0.6 0.1 1.0 1.2
o211 0.0 0.0 0.0 0.0
a2, 0.2 0.1 0.1 0.6
o?:1? 2.5 6.0 5.9 9.7
Loy 0.0 0.0 0.0 0.0
Lo -T2 0.8 0.8 0.6 9.6
w0 72 0.0 0.0 0.0 0.0
Total 85.8 84.3 94.7 76.0

- refers to an interaction between two simulation design characteristics/parameters.

StdR= Studentized residual estimates, RCPEV= Relative change in the pooled effect estimate variance, RCEBV =
Relative change in the estimated between-site variance, MMS = Model-based mean-shift method, k= number of sites, m=
number of outliers, o= within-site variance, u,= mean effect estimate excluding outliers, ;= mean effect estimate for
outliers, T2= between-site variance.
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From Table 9, k and 72 explained the majority of the variation in ME values for StdR and

RCPEV methods, whereas o2 and t2 described most of the variation in ME values for

RCEBYV and MMS methods.

Table 10. Estimated 13 (percentages) for misclassification error values of outlier detection
methods by individual simulation design characteristic/parameter and their 2-way

interactions.

Simulation design StdR  RCPEV RCEBV MMS
characteristic/parameter
k 93.0 80.0 5.0 27.0
m 90.0 72.0 23.0 2.9
o? 5.4 48.2 85.0 67.0
Uo 0.0 0.0 0.0 0.0
Uy 18.2 6.0 13.0 47.3
72 82.0 82.3 91.0 89.1
k:m 75.0 36.6 0.0 0.6
k:o? 5.0 5.0 6.0 2.7
K:uo 0.0 0.0 0.0 0.0
K:uy 2.0 1.0 0.4 2.3
k:t? 30.0 15.0 39.7 29.7
m:o? 10.0 18.0 7.3 7.0
m: i, 0.0 0.0 0.0 0.0
m: 0.7 0.4 0.1 2.0
m:t? 6.0 3.0 22.0 22.2
a2, 0.0 0.0 0.0 0.0
o2, 2.7 2.1 1.7 9.0
o?:1? 55.4 55.7 65.6 65.0
Uo 1 0.0 0.0 0.0 0.0
Lo -T2 28.5 6.6 15.3 64.0
Uy T2 0.0 0.0 0.0 0.0

- refers to an interaction between two simulation design characteristics/parameters.

StdR= Studentized residual estimates, RCPEV= Relative change in the pooled effect estimate variance, RCEBV =
Relative change in the estimated between-site variance, MMS = Model-based mean-shift method, k= number of sites, m=

number of outliers, o2= within-site variance, u,= mean effect estimate excluding outliers, ;= mean effect estimate for
outliers, 2= between-site variance.

Overall, k described 93.0% and 80.0% of the variation in ME values for StdR and RCPEV

methods among other simulation design characteristics and parameters that were fitted in RE-

ANOVA models as main effects (Table 10). As well, 72 described 91.0% and 89.1% of the
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variation in ME values for the RCEBV and MMS methods. Amongst the two-way
interactions of simulation design characteristics and parameters included in RE-ANOVA
models, k:m accounted for 75.0% of variation in ME values for StdR. For RCPEV, RCEBV,
and MMS methods, a2:72 explained 55.7%, 65.6%, and 65.0% of variation in ME values,

respectively.

4.1.2.4 Summary

Among simulation design characteristics and parameters included in RE-ANOVA models as
main effects, k and 72 explained the majority of the variation in all performance metrics. The
two-way interactions of ¢2:72 and k:m captured most of the variation in accuracy and ME
values compared to other two-way interactions fitted in RE-ANOVA models. In terms of F-1
score values, o2:72 and py:72 explained the majority of variation among other two-way

interactions of simulation design characteristics and parameters included in the models.

4.2 Application to real-world meta-analyses

In objective 2, we illustrated the application of outlier detection methods to real-world
meta-analyses using the following steps: 1) systematically selected meta-analyses from peer-
reviewed publications of site-specific EEs conducted by investigators from CNODES, 2)
applied outlier detection methods to the selected meta-analyses, 3) compared outlier detection
methods based on the selected meta-analyses, and 4) performed REM models with and
without potential outliers to capture the impact of site-specific EEs that are detected as

potential outliers.
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4.2.1 Systematic selection of real-world meta-analyses

As Figure 4 reveals, we identified a total of 249 meta-analyses of site-specific EEs that

were published between 2011 and 2022. Subsequently, we excluded 55 meta-analyses

published before 2016 in which FEM models were applied by investigators from CNODES to

pool site-specific EESs.

Meta-analyses identified through search
k=249

¥
{ Meta-analyses identified after 2016 Meta-analyses excluded

k=19% k=55

/

A 4

Meta-analyses included for detecting

a ] Meta-analyses excluded
potential outliers

k=155
k=39

LN

)

. FEM and REM model estimates are

Exclusion reasons \

equivalent (k= 122)
Number of sites < 4 (k=9)

FEM and REM model estimates are
equivalent and number of sites < 4 (k = 24) J

Figure 4. Flow diagram for selected meta-analyses from the Canadian Network for
Observational Drug Effect Studies.

155 meta-analyses were further excluded: 122 of these meta-analyses had equivalent

parameter estimates for FEM and REM models, another 9 meta-analyses consisted of less

than 4 sites, and 24 meta-analyses were excluded for both reasons. Accordingly, we included

39 meta-analyses of site-specific EEs for the application of outlier detection methods. The

selected meta-analyses can be found in Appendix F.
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4.2.3 Comparison of outlier detection methods
A comparison of outlier detection methods for the selected meta-analyses is illustrated in
Figure 5. In Panel A, we observed that the StdR and RCPEV methods detected potential

outliers in all selected meta-analyses.
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Figure 5. Comparison of outlier detection methods from selected meta-analyses conducted
by investigators from the Canadian Network for Observational Drug Effect Studies (k = 39).

However, the RCEBV and MMS methods did not detect any site-specific EEs as potential
outliers in 17.9% and 25.6% of the selected meta-analyses, respectively. Overall, the StdR

and RCPEV methods demonstrated higher sensitivity in detecting potential outliers compared
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to the RCEBV and MMS methods. From Panel B, the StdR, RCPEV, RCEBV, and MMS
methods detected a single potential outlier in 71.8%, 64.1%, 56.4%, and 56.4% of the
selected meta-analyses, respectively. Across the selected meta-analyses, the StdR, RCPEV,
RCEBYV, and MMS methods consistently detected potential outliers in site-specific EEs, with

percentages of 92.3%, 97.4%, 76.9%, and 56.4% (Panel C).

4.2.4 Impact of potential outliers
The impact of potential outliers was captured by performing REM models with and
without site-specific EEs that were detected as potential outliers (Figure 7). We estimated %2,

I?, and pooled EEs from REM models with and without potential outliers.
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Figure 6. Impact of potential outliers on 2 (Panel A), [? (Panel B), change in the
magnitude (Panel C), direction (Panel D), and precision (Panel E) of pooled EEs (k = 39).

From Figure 6, estimated 72 (Panel A) and I? (Panel B) were reduced to 0.0 in 66.7% of
the selected meta-analyses when potential outliers were excluded from REM models. In the

majority of selected meta-analyses, a decrease in the magnitude of pooled EEs was observed
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in REM models without potential outliers compared to REM models with potential outliers
(Panel C). The direction of change in the pooled EEs remained the same between REM models
with and without potential outliers in 84.6% of the selected meta-analyses (Panel D). In 71.8%
of selected meta-analyses, we observed an increase in the precision of pooled EEs for REM
models without potential outliers when compared to the precision of pooled EEs for REM

models with potential outliers (Panel E).
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Chapter 5: Discussion and Conclusions

5.1 Summary and discussion

The purpose of this research was to examine outlier detection methods for meta-analyses
of site-specific EEs from distributed analyses of a multi-site network. For objective 1, a
simulation study was conducted to compare the performance of outlier detection methods for
the REM model. The steps in the simulation study were as follows: 1) randomly generated
data from the prespecified simulation conditions, 2) checked the validity of simulation
results, 3) calculated performance metrics for each outlier detection method, and 4) analyzed

performance metrics for each method using boxplots and RE-ANOVA models.

For objective 2, we illustrated the application of outlier detection methods to real-world
meta-analyses using the following steps: 1) systematically selected meta-analyses from peer-
reviewed publications of site-specific EEs conducted by investigators from CNODES, 2)
applied outlier detection methods to the selected meta-analyses, 3) compared outlier detection
methods based on the selected meta-analyses, and 4) performed REM models with and
without potential outliers to capture the impact of site-specific EEs that are detected as

potential outliers.

The overall performance of outlier detection methods from the simulation study was
consistent with previous research, which also indicated that the StdR and RCEBV methods
outperformed other outlier detection methods [17,22]. However, a large variation in the
performance of the RCEBV method was observed because this method is sensitive to small
between-site variance [13]. Our simulation study also captured differences in the performance
of outlier detection methods associated with simulation parameters. Specifically, the
performance of the StdR and RCEBYV methods to detect outliers improved when between-site

variance and mean EE for outlier sites increased, whereas the performance of the RCPEV and
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MMS methods declined. The selection of a wide range of simulation conditions enabled us to
capture differences in the performance of outlier detection methods, addressing a limitation in
previous research [17,22]. Briefly, previous research considered arbitrarily selected values of
outlier site-specific EEs and small between-site variance [17,22]. Whereas we randomly
generated site-specific EEs from the mean of site-specific EEs, assuming a normal
distribution, where the mean of site-specific EEs differed between outlier site-specific EEs
and the remaining site-specific EEs. Values of between-site variance comprised a range
representing small to large heterogeneity in site-specific EEs. While previous research

explored only 6 and 24 simulation conditions [17,22], we explored 54 simulation conditions.

The current simulation study represents a novel contribution to the literature on outlier
detection methods in meta-analysis models. Using RE-ANOVA models, we identified the
extent to which simulation design characteristics and parameters explained variations in the
performance of each method. Among simulation design characteristics and parameters
included in RE-ANOVA models as main effects, k and 72 explained the majority of the
variation in all performance metrics. The two-way interactions of 62:72 and k:m captured
most of the variation in accuracy and ME values compared to other two-way interactions
fitted in RE-ANOVA models. In terms of F-1 score values, o2:72 and u,:72 explained the
majority of variations among two-way interactions of simulation design characteristics and

parameters included in the models.

From systematically selected meta-analyses of site-specific EEs conducted by
investigators from CNODES, a single site-specific EE was detected as a potential outlier
more frequently than multiple site-specific EEs as potential outliers. This finding was
consistent with the characteristics of meta-analyses for multi-site networks, which typically

involve a small number of site-specific EEs [3] and a limited number of potential outliers
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[15]. Suissa et al. recommended using the FEM model when pooling site-specific EEs, as
multi-site networks conduct research with an identical site-specific study protocol to
minimize heterogeneity in site-specific EEs and assume site-specific EEs are not randomly
sampled from a potentially larger set of sites [3]. However, we recommend using REM
models to pool site-specific EEs because REM models can reduce to FEM models, in cases of
limited heterogeneity in site-specific EEs [1,49]. REM models also provide more unbiased

pooled EEs than FEM models when dealing with potential outliers [49].

The StdR and RCPEV methods detected the same site-specific EES as potential outliers in
the bulk of real-world meta-analyses, suggesting limited variation in these methods. Aoki et
al. and Viechtbauer et al. applied the StdR, RCPEV, RCEBV, and MMS methods in real-
world meta-analyses and found similar results, further supporting the limited variation
between the StdR and RCPEV methods for detecting potential outliers [13,22]. It appears that
the StdR and RCPEV methods can detect potential outliers consistently in real-world meta-

analyses when compared to RCEBV and MMS methods.

In the real-world meta-analyses, we performed REM models with and without potential
outliers to assess their impact on heterogeneity parameters (i.e., #2and /2) and pooled EEs.
When we excluded potential outliers from REM models, we observed a substantial reduction
in estimated #2and /2 for the REM models when compared to REM models that contained
potential outliers. Demir et al. observed a similar result, demonstrating that heterogeneity in
site-specific EEs appeared due to potential outliers [49]. Moreover, detecting and excluding
outliers from real-world meta-analyses can provide precise pooled EEs, thereby improving
the ability to make informed decisions about the effectiveness of treatments. However,
researchers should report the results of pooled EEs with and without potential outliers when a

change is observed in the direction of pooled EEs from REM models [13,49].

55



In the meta-analyses, we identified discrepancies in the reporting of REM model
parameter estimates. Specifically, there was inconsistent reporting of the standard errors of
site-specific EEs, heterogeneity of site-specific EEs (i.e., #2and [2), and site-specific weights.
We estimated the REM model parameters that were not reported, but it is important to note
that these estimates may vary depending on the statistical package and programming
language used. The Preferred Reporting Items for Systematic Reviews and Meta-analyses
(PRISMA) should be used to guide the reporting of meta-analyses conducted by investigators
from CNODES [52]. Particularly, PRISMA item number 20 refers to reporting standard
errors of site-specific EEs, along with a measure of heterogeneity in site-specific EEs (i.e.,
#2and I?) and site-specific weights for any meta-analyses [52]. Therefore, we recommend
that investigators from CNODES adhere to PRISMA guidelines when presenting and

reporting the results of meta-analyses.

Overall findings from the simulation study and real-world meta-analyses suggest that
RCEBYV and MMS methods did not perform better than StdR and RCPEV methods. The
RCEBV method compares the ratio of £2 that excludes site-specific EE one at a time with
estimated £2 that contains all site-specific EEs [13]. This ratio of estimated 2 makes the
RCEBV method sensitive to instances where £2 estimates are small [13,22], limiting its
ability to detect potential outliers. For the MMS method, a parametric bootstrap method was
used to find the empirical sampling distribution of the test statistic [22]. However, the
parametric bootstrap requires the number of site-specific EEs > 4 to ensure that the resampled
EEs are representative of the population distribution, which may not be feasible for some
meta-analyses [3,4]. Based on these findings, we thus recommend using StdR and RCPEV

methods to detect potential outliers.
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Although CNODES uses a structured process to investigate potential outlier site-specific
EEs, this process may fail to determine any apparent reason for their potential presence [4].
Therefore, we recommend that investigators from CNODES implement StdR and RCPEV
methods to detect potential outliers that are not detected by the current process [4]. Once
outliers are detected, researchers should investigate those outlier sites. For example,
differences in the site-specific AHD sources can contribute to data variability [9,10].
Therefore, it is important to examine differences in data sources and determine if they might
contribute to the presence of potential outliers. By taking these steps, researchers can ensure
that their meta-analyses are based on reliable and accurate site-specific EESs, leading to

unbiased pooled EEs.

5.2 Strengths and limitations

This research has many strengths. For objective 1, one major strength is that we compared
the performance of outlier detection methods under a wide range of simulation conditions,
enabling us to capture variations in the performance of methods. We considered medians of
performance metrics because median estimates are consistent for all distributions of
performance metrics whether or not they are symmetric. As well, the median is less sensitive
than the mean to potential outliers. Additionally, we addressed the class imbalance between
site-specific EEs that are outliers and the remaining site-specific EEs with F-1 scores for each
method [42]. Previous studies have used parametric bootstrapping to determine the empirical
sampling distributions of the test statistics for the StdR, RCEBV, and RCPEV methods
[17,22]. However, parametric bootstrapping requires a large number of site-specific EEs to
ensure that the resampled dataset represents the population distribution, which may not be
feasible when the number of site-specific EEs < 10 [28,29]. Therefore, we used the StdR,
RCEBV, and RCPEV methods as rules of thumb in this research [13]. For objective 2, we

systematically selected published studies and applied outlier detection methods to selected
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meta-analyses, which helped us to compare outlier detection methods and to evaluate the

impact of potential outliers on the REM model parameters in real-world scenarios.

Despite these strengths, this research has some limitations. First, in the presence of
multiple potential outliers, excluding site-specific EES one at a time from meta-analysis
models and calculating estimates using the StdR, RCPEV, and RCEBV methods may lead to
biased results due to masking and swamping effects [16,53,54]. The masking effect refers to
unidentified potential outliers because outlier site-specific EEs may be clustered together, and
detecting a single potential outlier is affected by the presence of other potential outliers
present in meta-analysis models [16,53,54]. The swamping effect refers to site-specific EES
misclassified as potential outliers because true outliers may shift estimates toward them and
away from site-specific EEs that are not potential outliers. In other words, the masking effect
is equivalent to false negatives, while the swamping effect is false positives [16,53,54].
Second, the RCEBYV method is sensitive to detect potential outliers in cases of limited
between-site variance and the StdR method has high false discovery rates [13]. Third,
although we applied the DL method to estimate between-site variance, many other methods
have been proposed in the literature for this purpose [5,49-51,55]. Our research is primarily
focused on outlier detection methods rather than exploring various methods to estimate

between-site variance; nonetheless, we discuss opportunities for future research in this area.

5.3 Opportunities for future research

Several opportunities for future research exist. First, several methods have been proposed
to estimate between-site variance and these methods can directly impact the REM model
parameters, including the estimation of site-specific weights [49,50]. Previous research
compared numerous methods to estimate between-site variance; however, there is a lack of

agreement on which method is more suitable than others under different conditions [5,49—
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51,55]. For example, Langan et al. have proposed alternative methods for estimating
between-site variance than the DL method [56,57], whereas Thorlund et al. suggest that the
restricted maximum likelihood estimator produces more unbiased estimates for between-site
variance compared to other methods [58]. Petropoulou and Mavridi found that the Sidik-
Jonkman estimator for between-site variance performs poorly when compared to other
estimators [50]. There is also a lack of information about the impact of various methods to
estimate between-site variance in the presence of potential outliers. Thus, a comparison of
methods to estimate between-site variance in the presence of potential outliers would be an
important step as these methods can directly impact the REM model parameters and site-
specific EEs [49]. In real-world settings, researchers would benefit from understanding the
variability and sensitivity of methods for estimating between-site variance in the presence of

potential outliers [5].

Lastly, a meta-analysis is typically comprised of a small number of site-specific EEs, and
it is generally not recommended to exclude potential outliers from meta-analysis models
[13,59]. Potential outliers may represent important sources of heterogeneity in site-specific
EEs and excluding potential outliers from meta-analysis models may lead to the loss of
important information [13,59]. Instead, researchers have proposed using methods that can
accommaodate potential outliers by downweighting them in meta-analysis models assuming
heavy-tailed distributions (such as a t-distribution, arcsinh distribution, and beta distribution)
for site-specific EEs [5,15,60]. Further research is required to investigate the impact of
various model assumptions and specifications on the pooled EEs that can account for

potential outliers in meta-analysis models.
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5.4 Conclusions

Overall, the StdR and RCPEV methods outperformed the RCEBV and MMS methods for
detecting outliers. The RCEBV method showed larger variation in accuracy, F-1 score, and
misclassification error values compared to other methods. The majority of variance in the
performance metrics was attributed to the number of sites, between-site variance, and the
interaction between within- and between-site variance across all methods. A substantial
reduction in the heterogeneity of site-specific EEs was observed between REM models with
and without potential outliers. Excluding potential outliers from the REM models resulted in
narrower 95% Cls for the pooled EEs compared to REM models that included potential

outliers.

Practical implications for researchers and organizations conducting multi-site research
include the following: 1) REM models should be preferred for pooling site-specific EEs
because REM models can reduce to FEM models when estimated between-site variance is
small and they provide more unbiased pooled EEs than FEM models in the presence of
potential outliers, 2) reporting of results from meta-analyses should adhere to PRISMA
guidelines, 3) StdR and RCPEV methods should be used to detect potential outliers, and 4)
sites that are detected as potential outliers should be further investigated to examine
differences in data sources that may contribute to the estimation of very large or very small

site-specific EEs.
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Appendix A — Simulation conditions in the absence of outliers

Table Al. List of simulation conditions in the absence of outliers when k = 10.

Simulation design
characteristic

Simulation parameter

Simulation Number of Within-site Mean EE for Between-site
condition sites variance k sites variance
(k) (c?) (o) (%)
1 10 0.05 0.5 0.05
2 10 0.5 0.5 0.05
3 10 1 0.5 0.05
4 10 0.05 1 0.05
5 10 0.5 1 0.05
6 10 1 1 0.05
7 10 0.05 1.5 0.05
8 10 0.5 1.5 0.05
9 10 1 1.5 0.05
10 10 0.05 0.5 0.5
11 10 0.5 0.5 0.5
12 10 1 0.5 0.5
13 10 0.05 1 0.5
14 10 0.5 1 0.5
15 10 1 1 0.5
16 10 0.05 1.5 0.5
17 10 0.5 1.5 0.5
18 10 1 1.5 0.5
19 10 0.05 0.5 1
20 10 0.5 0.5 1
21 10 1 0.5 1
22 10 0.05 1 1
23 10 0.5 1 1
24 10 1 1 1
25 10 0.05 1.5 1
26 10 0.5 1.5 1
27 10 1 1.5 1
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Table A2. List of simulation conditions in the absence of outliers when k = 20.

Simulation design
characteristic

Simulation parameter

Simulation Number of Within-site  Mean EE for Between-site
condition sites variance k sites variance
(k) (c?) (o) (%)
1 20 0.05 0.5 0.05
2 20 0.5 0.5 0.05
3 20 1 0.5 0.05
4 20 0.05 1 0.05
5 20 0.5 1 0.05
6 20 1 1 0.05
7 20 0.05 1.5 0.05
8 20 0.5 1.5 0.05
9 20 1 1.5 0.05
10 20 0.05 0.5 0.5
11 20 0.5 0.5 0.5
12 20 1 0.5 0.5
13 20 0.05 1 0.5
14 20 0.5 1 0.5
15 20 1 1 0.5
16 20 0.05 1.5 0.5
17 20 0.5 1.5 0.5
18 20 1 1.5 0.5
19 20 0.05 0.5 1
20 20 0.5 0.5 1
21 20 1 0.5 1
22 20 0.05 1 1
23 20 0.5 1 1
24 20 1 1 1
25 20 0.05 15 1
26 20 0.5 1.5 1
27 20 1 1.5 1
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Table A3. List of simulation conditions in the absence of outliers when k = 30.

Simulation design
characteristic

Simulation parameter

Simulation Number of Within-site  Mean EE for Between-site
condition sites variance k sites variance
(k) (c?) (o) (%)
1 30 0.05 0.5 0.05
2 30 0.5 0.5 0.05
3 30 1 0.5 0.05
4 30 0.05 1 0.05
5 30 0.5 1 0.05
6 30 1 1 0.05
7 30 0.05 1.5 0.05
8 30 0.5 1.5 0.05
9 30 1 1.5 0.05
10 30 0.05 0.5 0.5
11 30 0.5 0.5 0.5
12 30 1 0.5 0.5
13 30 0.05 1 0.5
14 30 0.5 1 0.5
15 30 1 1 0.5
16 30 0.05 1.5 0.5
17 30 0.5 1.5 0.5
18 30 1 1.5 0.5
19 30 0.05 0.5 1
20 30 0.5 0.5 1
21 30 1 0.5 1
22 30 0.05 1 1
23 30 0.5 1 1
24 30 1 1 1
25 30 0.05 1.5 1
26 30 0.5 1.5 1
27 30 1 1.5 1

71



Appendix B — Distribution of studentized residual estimates in the absence of outliers
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Figure B2. Distribution of studentized residual estimates in the absence of outliers for k = 20.
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Appendix C — Performance metrics by simulation design characteristics and parameters for each method

100 4
90
80

Performance (%)

204

100 4
90 4
804
704

Performance (%)

Accuracy F-1 Score Misclassification Error

Accuracy F-1 Score Misclassification Error

Accuracy

F-1 Score

Misclassification Error

704
60
50 4
404
304

L% T

%%%—

T o

=
- L ==

TTT

T

0 20 30 10 20 30 1 20 30
Number of sites

T
==

1 2 y 2 ]
Number of outliers

005 05 1

005 05 1
Within-site variance

005 05 1

Accuracy F-1 Score Misclassification Error

Accuracy F-1 Score Misclassification Error

Accuracy

F-1 Score

Misclassification Error

60
504
404
304
20 4

T ]

;m_..-..

% .
T T T T T T T
0.5 1 1.5 0.5 1 15 15

0T |3

o0 o

LeHTT B LL AL

Mean effect estimate excluding outlier sites

oD P D e

S % 6 5
© o? 7 Q- Q7 o7 Q7 N

S e e B % B
\%Q%KI‘:QQQQ\\'

Q' Q7 Q7 Q07 N N

Mean effect estimate for outlier sites

TP

L

T T
005 0.5 1
Between-site variance

Figure C1. Summary of performance metrics for studentized residual estimates.
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Figure C2. Summary of performance metrics for RCPEV.
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Figure C3. Summary of performance metrics for RCEBV.
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Figure C4. Summary of performance metrics for MMS method.
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Appendix D — Distribution of random-effects residuals for random-effects analysis of variance models
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Figure D1. Distribution of random-effects residuals for random-effects analysis of variance models (Panel A: Accuracy, Panel B: F-1 score,
Panel C: Misclassification error).



Appendix E — Homogeneity of variance in performance metrics for random-effects analysis of variance models
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Figure E1. Residual versus fitted value plots to assess homogeneity of variance in accuracy values for random-effects analysis of variance
models (Panel A: StdR, Panel B: RCPEV, Panel C: RCEBV, Panel D: MMS).
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Figure E2. Residual versus fitted value plots to assess homogeneity of variance in F-1 score values for random-effects analysis of variance

models (Panel A: StdR, Panel B: RCPEV, Panel C: RCEBV, Panel D: MMS).
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Figure E3. Residual versus fitted value plots to assess homogeneity of variance in misclassification error values for random-effects analysis of

variance models (Panel A: StdR, Panel B: RCPEV, Panel C: RCEBV, Panel D: MMS).
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Appendix F — Selected meta-analyses conducted by CNODES investigators for application
of outlier detection methods

Table F1. Data sources for selected meta-analyses conducted by CNODES investigators for
application of outlier detection methods (k = 39).

Peer-reviewed Publication Meta-analysis Data
publication year ID source
1 Supplementary Figure 3
2 Supplementary Figure 5
Azoulay et al. (a) 2016 3 Supplementary Figure 7
4 Supplementary Figure 8
5 Supplementary Figure 12
6 Supplementary Figure 19
Azoulay et al. (b) 2016 7 Figure 2
8 Figure 2 (Subgroup: History of heart failure)
9 Supplementary Figure 6
10 Supplementary Figure 10
11 Supplementary Figure 12
12 Supplementary Figure 15
13 Supplementary Figure 23
Filion et al. 2016 14 Supplementary Figure 24
15 Supplementary Figure 29
16 Supplementary Figure 30
17 Supplementary Figure 31
18 Supplementary Figure 33
19 Supplementary Figure 35
Renoux et al. 2016 20 F!gure 3 (Subgroup: Us_e of 30 days or less)
21 Figure 6 (Subgroup: Without QT drugs)
22 Figure 2 (Outcome: Major bleeding)
Durand et al. 2020 23 Figure 2 (Outcome: Composite)
Fisher et al. 2020 24 Figure 2
25 Figure 3
Filion et al. 2020 26 Figure 5 :
27 Supplementary Figure 1
28 Supplementary Figure 4
29 Figure A (Outcome: Fetal death)
Dormuth et al. 2021 30 Figure A (Outcome: Spontaneous abortions)
31 Figure B
32 Figure 2 (Outcome: Major bleeding)
Durand et al. 2021 33 Figure 2 (Outcome: Composite)
34 Figure 3 (Outcome: Composite)
35 Figure 3.1
36 Figure 3.2
van den Hametal. 2021 37 Figure 4.1
38 Figure 4.2
39 Figure 4.4
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Appendix G — Computer program for simulation study

The following is the R program code for the following simulation conditions: k = 10, o2 = 0.05,
Uo = 0.50, u; =0.35, 72 = 0.05 for 10 simulation iterations. The source code for the MMS

method can be found here.

AL OADING ALL REQUIRED LIBARIESHHHHHHHHHHHHHHHHHHHE
library(metafor)

library(doParallel)

library(doSNOW)

library(meta)

HHHHHHHHHHHHAHHA#SETTING WORKING DIRECTORY #HHHHHHHHHHHHHHHHHHHHE
setwd(""") #Please set the working directory accordingly.

#HHHHHHAAMAKING CLUSTERS OF CORES FOR PARALLEL COMPUT INGH##HH#HH#HH#HH#
cores <- detectCores() - 1; #cores #Detecting cores in the computer

cluster <- makeCluster(cores) #Making cluster of cores

registerDoSNOW(cluster) #Registering the cores

HHHHHHHHHHHEAHD SIMULATION ITERAT ION SHHHHHHHHHHHHHIHHHHHE
#Setting the seed for reproducibility

random_seed <- sample.int(n=100000)

seed <- random_seed[1]

set.seed(seed)

#Creating a DATAFRAME containing all combination of simulation conditions.
combo_list <- expand.grid(k = 10,

s_all = 0.05,

m_remain = 0.50,

m_out = 0.35,

t = sqrt(0.05),

stringsAsFactors = FALSE); #combo_list

sim_n<-10 #Setting number of simulation iterations.
site <- rep(1l:combo_list3k[1]) #Creating site for each simulation iteration.
rep_id <- rep(1:sim_n, each = length(site)) #Creating replication id for simulation iterations.

time0 <- Sys.time() #To record the run time.

source("sourcecode LRT.r) #Running source code for model-based LRT statistic using a
mean-shift method.

T T A F T R T R T R E T R T

#iHHHHHHHH#INDEX VARIABLES TO STORE VALUESHHHHHH#HHHHHHHHHHHH
T T T T T T R F T R T R T R T
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st_res <- pooled_ee <- bet_var <- LRT <- true_class <- NULL #Estimated values
from outlier detection methods.

st_res.est <- pooled_ee.est <- bet_var.est <- LRT_stat <- LRT_stat.est <- LRT_boot_95.est <-
LRT_boot_p.est <- NULL #Index variables to store estimated values from outlier detection
methods.

y <-log_y <- NULL #Index variables to store EEs (y)
and log scale EEs (log_y).

v <-k <- NULL #Index variables to store within-
site variance (v) and total number of sites (k).

k value <- m_remain_value <- m_out_value <-s_all value <-t value <- NULL #Index

variables to store simulation parameter values in EXCEL.

for (j in L:nrow(combo_list)){ #"for" loop will run through by the row of “combo_list".
for (simin Lisim_n){  #"for" loop will run through "sim_n".
for (i in 1:combo_list$k[j]){ #"for" loop will run through total number of sites (k).

#Storing k, m_remain, m_out, s_all, t values by "combo_list" over "sim_n".

k value <- c(k_value, combo_list$k[j]) #Total number of sites.

m_remain_value <- ¢c(m_remain_value, combo_list$m_remain[j]) #Mean EE for k-m sites.

m_out_value <- c(m_out_value, combo_list$m_out[j]) #Mean EE for m sites.

s_all_value <- c(s_all_value, combo_list$s_all[j]) #Within-site variance.

t value <- c(t_value, ((combo_list$t)*2)[j]) #Between-site variance (NOTE:
STORING THE SQUARED VALUE, INDICATING TAU-SQUARED).

#Randomly sampling EEs from NORMAL DISTRIBUTION.
y[i] <- abs(rnorm(1, mean = combo_list$m_remain[j], sd = combo_list$t[j])) #NOTE:
TOOK THE ABSOLUTE VALUE OF y[i] BECAUSE EEs CANNOT BE NEGATIVE.

log_y[i] <- log(y[i]) #Converting y[i] into "log scale" because
"metafor" uses log scale of y[i] as input.
V[i] <- combo_list$s_all[j] #Within-site variance.
}

#Randomly sampling EEs that are OUTLIERS from NORMAL DISTRIBUTION

#and replace that value in the FIRST POSITION of y[i].

y[1] <- abs(rnorm(1, mean = combo_listm_out[j], sd = combo_list$t[j])) #NOTE: TOOK
THE ABSOLUTE VALUE OF y[i] BECAUSE EEs CANNOT BE NEGATIVE.

log_y[1] <- log(y[1]) #Converting y[1] into log scale because
"metafor” uses log scale of y as input.
V[1] <- combo_list$s_all[j] #Within-site variance.

#Outlier detection method using Viechtbauer and Cheung paper

#using random-effects meta-analysis model (metafor package)

sim_metafor = rma(yi = log_y, vi = v, method = "DL") #Performing random-effects meta-
analysis model in "metafor".
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#Applying outlier detection methods using "metafor” package
inf_metafor <- influence(sim_metafor)

###HMETHOD 1: STUDENTIZED RESIDUAL ESTIMATES
st_res <- round(inf_metafor$inf$rstudent,2) #Estimated values.
st_res.est <- c(st_res.est, st_res) #Storing the estimated values.

###HMETHOD 2: RELATIVE CHANGE IN THE POOLED EE VARIANCE
pooled_ee <- round(inf_metafor$inf$cov.r,2) #Estimated values.
pooled_ee.est <- c(pooled_ee.est, pooled_ee)  #Storing the estimated values.

###HMETHOD 3: RELATIVE CHANGE IN THE ESTIMATED BETWEEN-SITE
VARIANCE

bet_var <- round(inf_metafor$inf$tau2.del,2)  #Estimated values.

bet var.est <- c(bet_var.est, bet_var) #Storing the estimated values.

#HHMETHOD 4: MODEL-BASED LRT LRT STATISTIC USING A MEAN-SHIFT
METHOD ("meta" package)

sim_meta <- metagen(TE = log_y, seTE = sqrt(v), backtransf = TRUE, method.tau = "DL")

LRT <-PBS_LR(y = log_y, v =sqrt(v), B=10)  #B = Number of bootstrap resamples.

LRT_stat <- rbind(LRT _stat, LRT[LRT$X1.n==1]]) #LR Estimates from the model-based
method.

LRT_stat.est <- round(LRT_stat$LR, 2) #Storing estimated LRT statistic values.
LRT _boot_95.est <- round(LRT_stat$Q95, 2) #Storing estimated bootstrap 95th
percentile of LRT statistic values.
LRT _boot_p.est <- round(LRT_stat$P, 2) #Storing estimated bootstrap p-value.
}

#Defining outliers based on threshold from each method
st_res.count <- ifelse(st_res.est > 1.96 | st_res.est <-1.96, 1, 2) #1 = Outlier, 2 = Not an outlier

pooled_ee.count <- ifelse(pooled_ee.est < 1.00, 1, 2) #1 = Qutlier, 2 = Not an outlier
beta_var.count <- ifelse(bet_var.est < 1.00, 1, 2) #1 = Outlier, 2 = Not an outlier

LRT.count <- ifelse(LRT_boot_p.est <0.05, 1, 2) #1 = Qutlier, 2 = Not an outlier
true_class <- ifelse(y == y[1], 1, 2) #1 = True outlier, 2 = Not a true outlier

test = data.frame(rep_id, site, k_value, m_remain_value, m_out_value, s_all_value, t_value,
true_class, st_res.est, st_res.count, pooled_ee.est, pooled_ee.count, bet_var.est, beta_var.count,
LRT stat.est, LRT boot_95.est, LRT boot_p.est, LRT.count)

write.csv(test, file="1000_10_1 test.csv", row.names = F, quote = T)

¥

stopCluster(cluster)
timel <- Sys.time() - time0; timel
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