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Abstract

With the growing concerns about research reproducibility and replicability, the assessment
of scientific results’ fragility (or robustness) has been of increasing interest. The fragility
index was proposed to quantify the robustness of statistical significance of clinical studies
with binary outcomes. It is defined as the minimal event status modifications that can alter
statistical significance. It helps clinicians evaluate the reliability of the conclusions. Many fac-
tors may affect the fragility index, including the treatment groups in which event status is
modified, the statistical methods used for testing for the association between treatments
and outcomes, and the pre-specified significance level. In addition to assessing the fragility
of individual studies, the fragility index was recently extended to both conventional pairwise
meta-analyses and network meta-analyses of multiple treatment comparisons. It is not
straightforward for clinicians to calculate these measures and visualize the results. We have
developed an R package called “fragility” to offer user-friendly functions for such purposes.
This article provides an overview of methods for assessing and visualizing the fragility of
individual studies as well as pairwise and network meta-analyses, introduces the usage of
the “fragility” package, and illustrates the implementations with several worked examples.

Introduction

Research reproducibility and replicability have been major concerns in many areas of scientific
research [1-6]. Such issues may be largely owing to the misuse of p values [7, 8], which are
often misinterpreted as a measure of treatment effects in clinical studies [9, 10]. Consequently,
studies with smaller p values (i.e., statistically more significant effects) are more likely to be
published; this phenomenon is often referred to as publication and selective reporting bias or
small-study effects [11-18]. This bias may distort clinical conclusions toward an artificially
favorable direction and thus greatly threaten their reliability. Due to these concerns, communi-
ties across many scientific fields have recently called for more careful interpretations of p val-
ues and statistical significance [19-22]. In an effect to reduce publication bias, it has been
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recommended to pre-register clinical trials or publish their protocols before obtaining the final
results [23].

To supplement the use of p values and 95% confidence intervals (Cls) for assessing treat-
ment effects in clinical studies with binary outcomes, Walsh et al. [24] proposed the fragility
index (FI) to quantify their fragility (or robustness). The FI is defined as the minimal event sta-
tus modifications that can alter a study result’s statistical significance. For example, if an origi-
nally significant treatment effect estimate becomes non-significant by modifying only a single
patient’s event status (e.g., from no disease to disease), then the clinical study’s conclusion is
highly fragile. In this case, clinicians may need to carefully borrow real-world evidence to
assess the likelihood of that patient developing the disease and appraise the reliability of the
evidence about treatment effects from this study. Similar concepts have also been considered
in the earlier literature [25, 26]. With the growing concerns about research reproducibility and
replicability, the FI has regained much attention in recent years. It has been applied to assess
the fragility of randomized controlled trials in several clinical areas, such as anticancer medi-
cine, critical care, surgery medicine, and obstetrics [27-33].

The concerns of research reproducibility and replicability also arise in systematic reviews
and meta-analyses (MAs). Publications of MAs have been rapidly increasing in the past few
decades, because they offer a powerful tool for synthesizing and contrasting existing findings
and producing more precise effect estimates [34, 35]. However, sometimes different MAs
focusing on the same topic can have inconsistent conclusions [36-38]. Similar to pre-register-
ing clinical trials, pre-registered prospective MAs have been recommended [39, 40]. Recently,
the FI was extended to assess the fragility of conventional pairwise MAs as well as network
meta-analyses (NMAs) of multiple treatment comparisons [41, 42]. The FI of an MA is defined
similarly to that in a clinical trial; however, its estimation is more complicated, because the
modifications of event status may occur in different studies within the MA. Therefore, it is
computationally challenging for applied scientists to calculate and interpret the FI of an MA.

It may not be sufficient to rely completely on the numerical value of the FI derived at a spe-
cific significance level (e.g., commonly used 0.05) for properly interpreting the fragility. For
example, the FI may be highly associated with the p value under certain settings [43]. In such
cases, the FI may not provide much more information in addition to the p value. Nevertheless,
the correlation between the FI and p value is generally expected, because the FI is derived
based on p value (or CI); however, as long as the correlation coefficient is not nearly +1, the FI
can still serve as a useful supplement. Its interpretation of “the number of events modified for
altering significance” is intuitive for clinicians. This is similar to the common practice of
reporting point estimates of treatment effects, their standard errors (SEs), p values, and Cls;
each of them provides important information for assessing treatment comparisons, although
they are associated with one another. Moreover, no widely-accepted guidelines are available to
evaluate the extent of fragility based on the FI value [44]. Clinicians’ opinions (e.g., about the
clinical importance of an effect) may be incorporated when assessing the fragility [45, 46]. For
example, it is likely that a non-event may be changed to be an event for common diseases, but
it is less likely for rare diseases. In addition, the FI may not be very suitable for analyses of
time-to-event data, in which the timing of events, rather than the occurrence of events, is of
primary interest [47-49]. In summary, as a relatively new measure, more comprehensive eval-
uations, including visualizations of the whole process that alters the significance, should be
taken into account when interpreting the FI in clinical practice.

To the best of our knowledge, very limited software packages are available for assessing the
fragility of clinical results, and no package has been developed yet for visualizing the fragility.
An online calculator (https://clincalc.com/Stats/FragilityIndex.aspx) offers a simple tool to cal-
culate the FI of individual studies; users only need to input the event counts and sample sizes
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in the two treatment groups in a clinical study. However, it does not provide options for speci-
fying the statistical significance level, statistical method used for deriving the significance, etc.
The significance level is fixed at 0.05, and Fisher’s exact test is the only option to derive the FI.
An R package “fragilityindex” [50] is also available to calculate the FI of individual studies; it
additionally extends the FI to logistic regression analyses and survival data analyses. Neverthe-
less, it only permits users to specify the significance level; many other important factors (such
as treatment groups in which event status is modified) that may impact the FI cannot be
changed. Atal et al. [41] provide a web interface to calculate the FI of a pairwise MA (https://
clinicalepidemio.fr/fragility_ma/); the Stata module “metafrag” [51] can also be used for this
purpose.

We have developed an R package “fragility” [52] that provides many additional options for
assessing and visualizing the fragility of individual trials, pairwise MAs, and NMAs. This arti-
cle gives an overview of these options and introduces the usage of the “fragility” package in
detail with several worked examples. The remaining content is organized as follows. First, we
review methods for assessing the fragility in various clinical settings. Second, we introduce the
structures of different types of datasets and the usage of various functions provided by the “fra-
gility” package. Third, we present several worked examples and display their results to illus-
trate the usage of these functions. Finally, we provide a brief discussion about future
improvements.

Materials and methods
Assessing and visualizing the fragility

Fragility of an individual clinical study. Suppose that a clinical study compares two
treatments, denoted by 0 and 1, with a binary outcome. The results are typically reported in a
2x2 table (Table 1). Let ng and n; be the sample sizes in treatment groups 0 and 1, respectively,
and ey and e; be the event counts. These counts are non-negative integers, and ey < 1, and e,
<.

By modifying some events’ status, the impact on the study result can be used to calculate
the FI. The uncertainties in event status are common in practice; for example, if the follow-up
periods for some participants are not sufficient, their disease outcomes may occur after the
end of study. [24] originally proposed to assess the fragility of a study by modifying event sta-
tus only in a single treatment group; such a group is chosen as the one with the fewest events.
Nevertheless, this restriction may not guarantee that the modifications of event status for alter-
ing statistical significance or non-significance are minimal. In general, we may consider event
status modifications in both treatment groups, as in Table 1. Specifically, let f; and f; be the
numbers of non-events changed to events in groups 0 and 1, respectively. They may take any
integer values between —ey and ny — e (k = 0, 1). Negative values of f; or f; indicate decreasing

Table 1. Illustration of a 2x2 table and event status modifications.

Treatment Event Non-event Sample size
2x2 table of the original study:

Group 0 ey Ny — € o

Group 1 e n—e n

2x2 table with event status modifications:

Group 0 e + fo 1o — €0 — fo "

Group 1 erth m-e—fi m
https://doi.org/10.1371/journal.pone.0268754.t001
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event counts in the corresponding group, while positive values indicate increasing event
counts; setting f; or f; to 0 implies no event status modification.

Many statistical methods can be used to assess the association between a treatment and an
outcome in a 2 x 2 table [53]. Fisher’s exact test is commonly used for this purpose; its p value
is calculated based on a hypergeometric distribution under the null hypothesis. This test is par-
ticularly useful for small sample sizes, because many alternative methods use large-sample
asymptotic properties and may not perform well for small sample sizes. The chi-squared test is
another popular method, and its p value is based on the asymptotic chi-squared distribution
under the null hypothesis; thus, this test generally requires sufficiently large sample sizes.

Clinicians also frequently use certain measures to quantify treatment effects for binary out-
comes, e.g., the odds ratio (OR), relative risk (RR), and risk difference (RD); p values may be
produced based on these effect sizes. Without loss of generality, these effect sizes are calculated
for the comparison of group 1 vs. group 0 throughout this article. The OR and RR are conven-
tionally analyzed on a logarithmic scale for a better approximation to the normal distribution.
Specifically, the log OR is estimated as

(e, +£)/(n, — e, —f)
(eg + 1)/ (ng — ey — 1))

oo, fi) = log

with SE

1/2
1 1 1 1
s(fo f1) = + + + .
U 1) e tfy my—e—fi e+fi n—e _f1>

The log RR is estimated as

y(foofi) = log——-—

with SE

1 o1 1\”
Gn- |yt a-t)

e t+fy etfi ngom

The RD is estimated as

yhfy) = SHh _ath

n My

with SE

1/2

(eo +f0)(”q ) _ﬁ)) + (el +f1)(”1‘ ! _fl)

S (fo i )=
In the presence of zero counts, a continuity correction (often 0.5) needs to be applied to all
data cells in the 2x2 table for producing these estimates [54].

Consequently, a certain set of event status modifications f; and f; leads to a p value based on
each of the above five methods for assessing the association between the treatment and out-
come, denoted by p(fy, f1)- The p value of the original study with no event status modification
is p(0, 0) with fo = f; = 0. For the chi-squared test, OR, RR, and RD, their p values may not be
accurate when some data cells are small, because they all use large-sample asymptotic null
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distributions to calculate p values. The estimated log OR, log RR, and RD are assumed to

approximately follow the normal distribution, so their p values are calculated as p(f,, f,) =

20 (— %) (two-sided) or p(f,, f,) = @ (— %) (one-sided), where ®(-) denotes the
cumulative distribution function of the standard normal distribution. The OR, RR, and RD
can indicate the direction of treatment effects; thus, the alternative hypothesis could be two- or
one-sided. Fisher’s exact test and the chi-squared test evaluate the association with no specific
direction; therefore, their p values are two-sided.

For each method, the p values p(fo, f;) based on all considered event status modifications
can be visualized as a matrix of points; each point represents a p value, with the x- and y-axes
representing its corresponding event status modifications, and its color distinguishes the mag-
nitude of the p value [55]. When event status modifications are restricted to a single treatment
group, the p values p(fy, 0) or p(0, f;) can be presented against f; or f; in a scatterplot for visual-
izing the change of p values as event status modifications vary. These plots will be illustrated in
our worked examples later.

Assume the statistical significance level is pre-specified at . Formally, if the original study
result is statistically significant with p(0, 0) < a, then the FI is defined as

FI= min {|f,| + fi|};

p(fofi)=o

if the original study result is non-significant with p(0, 0) > ¢, then the FI is

FI = min {[fj| + |f,]}.

p(forfi)<

A smaller value of FI indicates a more fragile result. The above minimization problems are
subject to —ex < fi < ng — e (k =0, 1). These ranges could be adjusted to accommodate with
clinicians’ needs. For example, if it is more likely that some events are not observed, then one
may restrict the ranges to be non-negative for yielding more events. One may also restrict
event status modifications to a single group, as in Walsh et al. [24]. When the modifications
are restricted to group 0, the resulting FI is

minp(ﬂ)>0)21%| if p(07 O) < o
FI, =
min, . o[yl if p(0,0) > 0.
Similarly, when the modifications are restricted to group 1, the resulting FI is
{ min, .-, [fi] if p(0,0) <o
FI, =
min, . || if p(0,0) > o

Clearly, 1 < FI < min{FI,, FI,}. It is possible that the significance or non-significance cannot
be altered based on given ranges of event status modifications; in such cases, we define FI as

not available (NA). This may happen when sample sizes are small, as they only permit a nar-
row range of modifications.

Of note, this article discusses multiple methods for testing the association between treat-
ment and outcome and thus deriving the FI. We hope that they offer flexibility for users when
assessing clinical studies’ fragility based on different tools. We do not suggest that users should
try all methods because this practice could lead to “fragility-hacking.” Users are recommended
to use the statistical method specified in the study protocol for deriving the FI.
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Although the significance level is conventionally set at & = 0.05, this choice is arguably arbi-
trary, and the resulting false positive rate may be considered high in some fields of science.
Many researchers propose to lower this standard to o = 0.005 for improving research repro-
ducibility and replicability [56, 57]. As the FI is derived based on a specific significance level,
the significance level should always be reported alongside the associated level. Instead of rely-
ing on the FI at a single significance level, clinicians might also be interested in the trend of the
FI as the significance level varies (e.g., from 0.005 to 0.05), which can be visualized in a scatter-
plot [55]. Theoretically, the FI is a function of the significance level, denoted by FI(e). This is a
step function because the FI must take positive integer values. Suppose the FI is evaluated from
o = oy, (say, 0.005) to @ = ay; (say, 0.05). We may consider the average of the area under the
function to quantify the overall fragility among the range of significance levels [ay, ory]. The
idea is similar to the area under the receiver operating characteristic curve (AUC) used in diag-
nostic decision-making. The average FI is FI,,, = - /. aIU FI(ot)do. In practice, this quantity
can be approximated by the average of FIs at B (say, 100) equally-spaced values between oy,
and ay;, denoted by o, for b=1, 2, .. ., Bwith a; = o1 and ap = ay. Because f:L” FI(a)do =
s S~ FI(ay,) for asufficient large B, the average FI is FI,, ~ B! S, FI(a,), e, the
arithmetic mean of the values of FI(«,).

Multiple clinical studies may be conducted on the same topic; they compare the same treat-
ment groups and investigate the same outcome. Clinicians may want to compare the fragility
across the multiple studies. As the FI of an individual study depends on the sample size, it
might not be sensible to directly compare the FIs of the multiple studies. Alternatively, one
may use the relative measure, fragility quotient (FQ), to compare the multiple studies’ fragility
[58]. Specifically, FQ = noi—lnl x 100%, where ng + n, is the total sample size of the study. Thus,

the FQ represents the minimal percentage change of event status among all participants that
can alter the significance (or non-significance), and it ranges within 0%-100%.

Fragility of a meta-analysis. An MA aims at synthesizing and contrasting findings from
multiple independent studies on the same topic. Consider an MA with a binary outcome that
contains N studies. Each study compares the same two treatment groups (denoted by 0 and 1)
and reports its 2x2 table with event counts e;q and e;; and sample sizes 1,5 and #;; in the two
groups (i=1, ..., N). The effect measure can be the (log) OR, (log) RR, or RD. Let y; and s; be
the estimated effect size and its SE, respectively, in study i. The continuity correction is applied
to studies with zero data cells. The estimated effect sizes are conventionally assumed to approx-
imately follow the normal distributions y, ~ N(6,, s?) within studies, where 6; denotes the
underlying true effect size of study i.

Here, the within-study SEs s; are assumed to be fixed, known values. Alternative exact
methods (without the approximation to the normal distributions) are available via generalized
linear mixed models or Bayesian hierarchical models; they can avoid the continuity correction
in the presence of zero data cells and may have better performance than the conventional
method for sparse data [59-63]. However, to assess the fragility of the MA, this article focuses
on the conventional method instead of the alternatives, because many iterations may be
needed to derive the FI, and it may be computationally demanding to repeat the exact methods
many times. Also, as most MA applications have used the conventional method so far, the FI
derived from this method may better reflect the current practice.

The underlying true effect sizes are further assumed to follow the normal distribution 6; ~
N(6, 7°), where 7* is the between-study variance owing to heterogeneity. A special case is that
7 = 0, which implies 6; = 6 for all studies; this case is referred to as the fixed-effect or com-
mon-effect setting, and 0 represents the common effect size shared by all studies. On the other
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hand, 7% > 0 yields the random-effects setting, where 0 is interpreted as the overall effect size
across studies. In both settings, 6 is of primary interest, and the MA aims at estimating this
parameter and its CI. One may refer to Borenstein et al. [64], Riley et al. [65], and many other
articles for extensive discussions about the interpretation and selection of the fixed-effect and
random-effects settings.

The between-study variance 7° plays a critical role in the random-effects MA because it
greatly impacts the CI of the treatment effect estimate and thus the statistical significance. It
can be estimated via several approaches. The DerSimonian-Laird (DL) estimator by [66] is the
most popular one; nevertheless, several better alternatives, e.g., the restricted maximum likeli-
hood (REML) estimator, have been shown to perform better in general [67, 68]. Let £ be the
estimated between-study variance; under the fixed-effect setting, set 2 = 0. Each study in the
MA is assigned with a weight w, = 1/(s? + 7). The overall effect size is estimated as

é _ 211 Wi
—_—_
i W

It approximately follows the normal distribution, and its (1 — &) x 100% CI is conventionally
constructed as

N —1/2
Oz, x (ZW,,) ,
i=1

where z;_,, denotes the 1 — @/2 quantile of the standard normal distribution. Alternatively,
[69, 70] refined the CI by accounting for the variation in 2. The Hartung-Knapp-Sidik-Jonk-
man (HKSJ) method constructs the CI as

: S oy, -0y
0+ tN—l‘l—ac/Q X = N } >
(N - 1) Zi:l Wi

where tn_1,1-4/2 denotes the 1 — /2 quantile of the ¢ distribution with N — 1 degrees of free-
dom. It has been shown to have a better coverage probability than the CI based on the normal
distribution, especially when the number of studies N is small [71].

To assess the fragility of an MA, an ideal approach is to exhaustively enumerate all possible
event status modifications step by step; however, this procedure may be impractical from the
computational perspective if many steps are needed to alter the significance or non-signifi-
cance. Suppose that the overall effect size is significant and is above the null value. At each step
of modifying event status, we may need to consider decreasing one event count in group 1 or
increasing one event count in group 0 in a single study; thus, assuming that the event counts
have not achieved the bounds (i.e., 0 or sample size), there are 2N possible cases for this step.
Such iterations will terminate only after the significance is altered, so we need to perform up to
(2N)*" MAs during this process. This is not practical in many real-world applications; for
example, even for a relatively small MA with N = 10 studies, if the FI is 5, then this exhaustive
search needs to perform over 3 million different MAs with modified event status.

Instead of enumerating all possible event status modifications, Atal et al. [41] proposed a
heuristic iterative process based on the CI of the overall effect size estimate to derive the FI.
Specifically, suppose that the original MA yields a significant overall effect size estimate, and it
is larger than the null value. We initiate the iterative process from the original MA (step 0). In
order to move the CI toward the null value, event status is modified to decrease event counts
(down to 0) in group 1 or increase those in group 0 (up to the corresponding sample size). At
each step, one event is changed to a non-event in group 1, or one non-event is changed to an
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event in group 0 in a certain study; separate MAs are performed based on the data with each of
the above modifications to produce the CIs of the overall effect size estimate. The modification
that leads to the smallest lower bound of the CI (i.e., the one closest to the null value if the CI
still does not cover it) is selected as the optimal one for facilitating the process of altering the
significance. Based on the optimal modifications identified in the previous steps, the iterations
continue until the CI covers the null value. Because each step contains up to 2N modifications,
the above algorithm only needs to perform up to 2N x FI MAs to derive the FI, making the
process computationally feasible. This number is much smaller than (2N)™ in the exhaustive
search, especially when N or the FI value is large. For visualizations of the iterative steps for
deriving the FI of the MA, readers may refer to Fig 2 in Atal et al. [41]. We will also provide a
worked example later to demonstrate the process.

On the other hand, suppose that the original MA has a non-significant overall effect size
estimate. Unlike the case of a significant overall effect size estimate where the CI is moved
toward only one specific direction, now the CI covers the null value, and we may move it
toward either the left or right direction for achieving significance. For each direction, a sepa-
rate FI can be derived via an algorithm similar to the one described above; the final FI is the
minimum value of these two FIs.

In cases that significance or non-significance cannot be altered, the FI is defined as NA.
The FQ can be similarly calculated for the MA; it is the FI divided by the total sample size
across all studies. To visualize the process of the iterative algorithm for deriving the FI, one
may present the changes in event counts in the two treatment groups along with the studies
involved in the corresponding modifications against the iterations; we will provide worked
examples to illustrate the visualizations.

Fragility of a network meta-analysis. NMA is an extension of the conventional pairwise
MA that compares only a pair of treatments at one time; it aims at comparing multiple treat-
ments simultaneously by synthesizing both direct and indirect evidence about treatment com-
parisons [72, 73]. Suppose a trial compares treatments A and C and another trial compares B
and C; these two trials provide indirect evidence for A vs. B via the common comparator C.
NMA has been increasingly used in recent years, because many treatments may be available
for a specific disease outcome. It is particularly useful when some treatments of interest (e.g.,
new drugs) have been seldom compared directly, but many trials have compared them with
some common treatments (e.g., placebo). It may produce more precise treatment effect esti-
mates than separate pairwise MAs and provide a coherent treatment ranking for decision mak-
ing [74-77].

Various methods have been developed to perform NMA under both the frequentist and
Bayesian frameworks [78-87]. To assess the fragility of an NMA, similar iterative procedures
for a pairwise MA can be used [42]. We focus on the frequentist method by Riicker [79] to pro-
duce the CIs of treatment comparisons in the NMA. Although in theory any method can be
used to derive the FI, the Bayesian methods could be very time-consuming even for analyzing
a single NMA, so it may not be practical to iteratively apply them to many NMAs with modi-
fied event status.

Specifically, unlike the case of a pairwise MA that involves a single treatment comparison,
the NMA contains multiple comparisons, each yielding a separate effect size estimate. Let K be
the number of treatments in the NMA; a total of K(K — 1)/2 comparisons are estimated. There-
fore, the FI is not defined for the whole NMA as in individual studies or pairwise MAs; it is
defined for each treatment comparison. Consequently, for a specific pair of treatments, say A
and B, we consider event status modifications based on the significance of their comparison B
vs. A. Modifying any event status, even for those not in groups A and B, may change the results
of all treatment comparisons; thus, in theory, the event status modifications are possible for
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each study’s each treatment group. However, this would dramatically increase the computa-
tion time. Also, it is intuitive to modify event status directly in groups A and B, and such modi-
fications are expected to have a larger impact on the estimated effect size of B vs. A and can
alter the significance or non-significance faster. Therefore, during each iteration for deriving
the FI for B vs. A, this article only considers event status modifications in these two groups.
For example, if the effect size of B vs. A is significantly larger than the null value in the original
NMA, then in each iteration, we consider decreasing event counts in group B or increasing
those in group A in certain studies until the significance is altered.

Similar to assessing the fragility of an individual study and a pairwise MA, the FI of an
NMA is defined as NA if the significance or non-significance cannot be altered. Of note, as
mentioned above, the calculation of the NMA’s FI for comparison B vs. A is based only on
modifying event status in groups A and B. It is possible that the change of significance cannot
be achieved by any event status modification in groups A and B, but it could be achieved by
modifications in other groups. Therefore, users should interpret an FI value of NA in the con-
texts of the event status modifications in the relevant two groups A and B only.

The process of deriving the FI can also be visualized for each treatment comparison using a
similar approach for a pairwise MA. The relative measure FQ can be calculated as the FI
divided by the sample size, but it may have two versions in the NMA. It seems straightforward
to use the total sample size nyya across all studies and all treatment groups in the whole NMA
as the denominator for calculating the FQ. However, the FQ derived in this way has an upper
bound ﬁ x 100%, where n,p denotes the sample size in groups A and B across all studies,

because the algorithm only modifies event status in the associated two treatments for a specific
comparison. This upper bound differs for different pairs of treatments, implying a methodo-
logical limitation. Alternatively, for the comparison B vs. A, we may calculate the FQ as the FI
divided by 74, so that this FQ still ranges within 0%-100% and could be fairly compared
across treatment pairs.

Using the R package “fragility”

The source file of the R package “fragility” and its manual are available on the Comprehensive
R Archive Network (CRAN) at https://cran.r-project.org/package=fragility. Users can directly
install the package by typing install.packages (“fragility”) in R. Once the pack-
age is installed, users can begin to use the package by loading it:

> library (“fragility”)

The package imports functions from “metafor” [88] for performing pairwise MAs and “net-
meta” [89] for performing NMAs. We first introduce example datasets included in “fragility”
to demonstrate the data structures, and then provide details about the functions for assessing
and visualizing fragility.

Example datasets. The package “fragility” provides four datasets, dat.ad, dat.ns,
dat.copd, and dat . sc. They all consist of multiple clinical studies, and are used for differ-
ent illustrative purposes.

The dataset dat . ad contains 347 randomized controlled trials of antidepressant drugs
with a binary acceptability (dropout due to any cause) outcome; these trials were systematically
collected by Cipriani et al. [90]. This dataset is used to illustrate the usage of functions for
assessing and visualizing the fragility of individual studies. We display the first six trials as
follows:

> data (“dat.ad”)

> head(dat.ad)

e0 nO el nl
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1 7 107 12 105

2 17 118 18 120

3 30 252 49 263

4 25 109 19 109

5 35 167 35 168

6 17 137 26 140

Each row presents the data of a trial. The columns €0, n0, e1, and n1 present event counts
and sample sizes in group 0 and those in group 1, respectively. Of note, we use this dataset as
an example of (multiple) individual studies, although Cipriani et al. [90] originally performed
an NMA based on this dataset. The two treatments (antidepressant drugs or placebo) com-
pared in each study may be different. This dataset does not include multi-arm trials originally
collected by Cipriani et al. [90].

The dataset dat . ns contains a collection of 564 pairwise MAs on nutrition support
retrieved from Feinberg et al. [91]. Each MA may compare different treatments and have dif-
ferent binary outcomes. This dataset is used to illustrate the usage of functions for assessing
and visualizing the fragility of pairwise MAs. Its first six rows are:

> data(“dat.ns”)

> head(dat.ns)

ma.id e0 n0O el nl

1 1 3 24 4 20
2 1 2 10 19

3 1 2 28 0 22
4 1 31 265 46 260
5 1 6 32 4 28
6 1 4 35 5 39

Each row represents a specific study in a specific MA. The first column ma . id indexes the
MAs, ranging from 1 to 564; the output above is from the first six studies in the first MA. The
remaining four columns €0, n0, e1, and n1 have the same interpretations as in the dataset
dat.ad of individual studies. Some MAs may have overlapping studies, and some may be
divided into several subgroups.

Finally, the datasets dat . copd and dat . sc are used to illustrate the usage of functions
for assessing and visualizing the fragility of NMAs. The dataset dat . copd is extracted from
Woods et al. [92]; it gives a simple NMA with 3 studies comparing 4 treatments for chronic
obstructive pulmonary disease. As this dataset is small, the assessment of its fragility does not
take much time, and thus it serves as a toy example. The full dataset is:

> data (“dat.copd”)

> dat.copd

sid tid e n
229
227
374
372
358
361
554
3 12270

The data structure of the NMA is different from those of individual studies and pairwise
MAs introduced above. Specifically, each row represents the data from a specific treatment
group in a specific study. The columns sid and tid give the indexes of studies and
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treatments, respectively, and e and n give the corresponding event counts and sample sizes.
The four treatments in this dataset are indexed as 1) placebo; 2) fluticasone; 3) salmeterol; and
4) salmeterol fluticasone combination. As shown in the output above, studies 1 and 3 are two-
armed, while study 2 is four-armed. In addition to this simple dataset, the package “fragility”
also includes a larger NMA dataset of smoking cessation, dat . sc. Its first six rows are dis-
played as follows:

> data (“dat.sc”)

> head (dat.sc)

sid tid e n
1 1 1 9 140
2 1 3 23 140
3 1 4 10 138
4 2 2 11 78
5 2 312 85
6 2 4 29 170

This dataset is retrieved from Lu and Ades [93] that used formal methods to perform the
NMA, while it was originally reported in Hasselblad [94]. It has the same data structure as in
dat.copd. The NMA contains 24 studies comparing 4 treatments: 1) no contact; 2) self-
help; 3) individual counseling; and 4) group counseling. The binary outcome is successful
smoking cessation. The first two studies are three-armed as shown in the output above, and
the remaining 22 studies are two-armed.

Functions for assessing the fragility of individual studies. Three functions, frag.
study (), frag.study.alpha(),and frag.studies (), are available in the package
“fragility” to assess the fragility of individual studies. The function frag.study () assesses
the fragility of a single study; frag. study.alpha () assesses an individual study’s fragility
at different significance levels; and frag.studies () assesses the fragility of multiple indi-
vidual studies.

The arguments of the function frag. study () include:

frag.study(e0, n0O, el, nl, data, all = FALSE, methods,

modify0 = “both”, modifyl = “both”, alpha = 0.05,
alternative = “two.sided”, OR =1, RR=1, RD = O,
allcase = TRUE)

where €0, n0, e1, and n1 specify event counts and sample sizes in groups 0 and 1. The
argument data is optional for specifying the dataset; if specified, the previous four arguments
should be the corresponding column names in data. The logical argument a1l indicates
whether all possible event status modifications will be considered for assessing the study’s fra-
gility. If users only need the numerical value of FI or FQ and the corresponding event status
modifications that alter the significance or non-significance, then a1l = FALSE (the default)
is sufficient to produce these results via an iterative algorithm (i.e., starting from modifying
one event’s status, until the significance or non-significance is altered). The output of this func-
tionis of class “frag.study”.Ifall = TRUE, this function generates p values corre-
sponding to all possible event status modifications, so that users are able to visualize the extent
of significance based on these p values. In this case, the output is of both classes “frag.
study” and “frag.study.all”. The visualization can be easily performed using the
function plot () via the S3 method for class “frag.study.all” (detailed later). If the
study has large sample sizes (n0 and n1) in both treatment groups and there may be many
possible event status modifications, all is recommended to be set to FALSE because R may
run out of memory; for example, a study with 1000 samples in each group may lead to up to
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one million possible event status modifications. Appendix A in S1 File includes more details of
additional arguments.

The function frag. study.alpha () efficiently assesses an individual study’s fragility at
different significance levels, and produces the average FI and FQ across these levels. Its argu-
ments include:

frag.study.alpha(e0, n0O, el, nl, data, methods,

modify0 = “both”, modifyl = “both”,
alpha.from = 0.005, alpha.to = 0.05, alpha.breaks = 100,
alternative = “two.sided”, OR =1, RR =1, RD = 0)

All arguments except the second line are the same as their counterparts in frag. study ();
the second line specifies the range of possible significance levels, which may be particularly use-
ful if clinicians have different opinions about defining statistical significance [56, 57]. Specifi-
cally, alpha. from, alpha.to,and alpha.breaks specify the smallest and largest values
of the significance levels to be considered, and the number of levels, respectively. The candidate
significance levels are equally spaced within the range. This function produces an object of clas-
ses “frag.alpha” and “frag.study.alpha”. The FIs or FQs assessed at different sig-
nificance levels can be visualized as a step-like function using plot () via the S3 method for
class “frag.alpha” (detailed later).

The function frag.studies () permits users to input multiple studies for assessing
their fragility. It is particularly useful if users would like to conduct an overall assessment
among a collection of studies (e.g., trials belonging to some similar specialties) and investigate
the distribution of their fragility measures [31, 32]. Its arguments are similar to those of
frag.study (); they are displayed as follows:

frag.studies (e0, n0O, el, nl, data, methods,

modify0 = “both”, modifyl = “both”, alpha = 0.05,
alternative = “two.sided”, OR =1, RR =1, RD = 0)

All arguments have the same usage as in frag.study (), except thate0, n0, el,and nl
specify vectors of event counts and sample sizes from the multiple studies, instead of single
numerical values. The function output is of classes “*frag.multi” and “frag.stud-
ies”;userscanapply plot () to the output for generating a bar plot or histogram to visual-
ize the overall distribution of the multiple studies’ FIs or FQs via the S3 method for class
“frag.multi”.

Functions for assessing the fragility of pairwise meta-analyses. Similar to the three
functions above for assessing individual studies’ fragility, “fragility” offers frag.ma (),
frag.ma.alpha(),and frag.mas () for assessing the fragility of pairwise MAs. The
package imports the function rma . uni () from “metafor” [88] to perform pairwise MAs and
obtain the effect size estimates (including CIs), which further determine the FIs or FQs. Users
may refer to [95] for many additional arguments that can be used to customize the MAs.

The major function frag.ma () for assessing a pairwise MA’s fragility has the following
arguments:

frag.ma(e0, n0, el, nl, data, measure
mod.dir = “both”, OR =1, RR =1, RD
= Ny,
..)
where €0, n0, e1, and n1 specify the event counts and sample sizes of each study in the
MA, and the optional argument data can specify the MA dataset. One of the three effect mea-
sures, OR, RR, and RD, may be specified for measure, and the arguments OR, RR, and RD
give the corresponding null values. The argument alpha specifies the significance level; it

corresponds to the confidence level (1 — alpha) x 100% of Cls. The argument mod.dir

“OR”, alpha = 0.05,
0, method = “DL”, test
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indicates the direction of the CI change due to event status modifications when the original
MA’s CI covers the null value (i.e., the case of non-significance altered to significance). It is
not used if the original MA has a significant estimate. Users may specify “1eft” (moving the
CI to the left side of the null value), “right” (moving the CI to the right side), “one”
(based on the direction of the original point estimate of the overall effect size), or “both”
(both directions) for mod . dir. The default option “both” is expected to find the minimal
event status modifications for altering the non-significance, but it may require more computa-
tion time than the other three options. Appendix A in S1 File includes more details of addi-
tional arguments. The function frag.ma () returns an object of class “frag.ma”; users
can apply plot () to the output via the S3 method for this class to visualize the iterative pro-
cess of event status modifications for deriving the fragility measure of the MA.

The function frag.ma.alpha () assesses the fragility of an MA at multiple significance
levels. Its relationship with frag.ma () is similar to that between frag. study () and
frag.study.alpha ().Its arguments are the same as frag.ma (), except that users can
specify a range of significance levels using the arguments alpha. from, alpha. to,
and alpha.breaks. The function returns an object of classes “frag.alpha” and
“frag.ma.alpha”;like the output of frag.study.alpha (), it can be visualized
using plot () via the S3 method for “frag.alpha”.

The function frag.mas () assesses the fragility of multiple MAs; its relationship with
frag.ma () issimilar to that between frag.study () and frag.studies (). It returns
an object of classes “frag.mas” and “frag.multi”, and users can visualize the fragility
measures among the multiple MAs using plot () via the S3 method for “frag.multi”.
Its arguments slightly differ from frag.ma ():

frag.mas (e0, n0, el, nl, ma.id, data, measure = “OR”,

alpha = 0.05,

mod.dir = “both”, OR =1, RR =1, RD = 0, method = “DL”, test
=W Z ”
..)

The major difference is about the arguments €0, n0, e1, n1, and ma . id for inputting data.
Users may refer to the structure of the example dataset dat . ns introduced previously. Specifi-
cally, ma . 1d is a vector for indexing the multiple MAs, and €0, n0, e1, and n1 specify the
event counts and sample sizes of each study in each MA. Like frag.ma (), users may specify
additional arguments from “metafor” for frag.mas (), aswellas frag.ma.alpha (), to
customize the implementation of MAs.

Functions for assessing the fragility of network meta-analyses. In addition, “fragility”
provides two functions frag.nma () and frag.nma.alpha () for assessing the fragility
of NMAs. These are designed for the similar purposes to frag.ma () and frag.ma.
alpha ();thatis, frag.nma () deals with an NMA at a specific significance level, while
frag.nma.alpha () assesses the fragility at multiple significance levels. However, these
two functions’ arguments may involve more specifications than their counterparts for pairwise
MAs, owning to the more complicated structure of NMAs. The functions pairwise () and
netmeta () imported from “netmeta” [89] are used to implement NMAs. Of note, “fragility”
does not provide a function for simultaneously assessing the fragility of multiple NMAs like
frag.studies () and frag.mas (), because a single NMA can be viewed as a compre-
hensive collection of many pairwise MAs for comparisons of all available treatments. Usually,
only a few NMAs are available on certain common topics. In such cases, users may apply
frag.nma () to each NMA separately for assessing their overall fragility.

The arguments of frag.nma () are as follows:

frag.nma(sid, tid, e, n, data, measure = “OR”, random = TRUE,
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alpha = 0.05, mod.dir = “both”, tidl.f, tid2.f,
OR=1, RR=1, RD = 0,
incr, allincr, addincr, allstudies, ...)

where sid, tid, e, and n specify study IDs, treatment IDs, their corresponding event
counts and sample sizes. One may also specify the dataset for the optional argument data.
We recommend using the natural numbers (starting from 1) to index the studies and treat-
ments; otherwise, the functions imported from “netmeta” may give warnings that treatments
are re-sorted according to a certain order. Moreover, the arguments measure, alpha,
mod.dir, OR, RR, and RD have the same usage as in frag.ma () for pairwise MAs. The log-
ical argument random indicates whether the NMA is performed under the fixed-effects set-
ting (FALSE) or random-effects setting (TRUE, the default). The two arguments tid1l . f and
tid2. £ specify the treatment comparison(s) of interest for the assessment of fragility; the
default is that the fragility is assessed for all treatment comparisons. For example, if tid1.

f = landtid2.f = 2, then the function only assesses the fragility of 1 vs. 2;if tid1.
f=c(2, 3)andtid2.f = c (1, 2),then it assesses the fragility of 2 vs. 1 and 3 vs. 2.
The four arguments incr,allincr, addincr,and allstudies are used for handling
zero event counts; they are passed to pairwise () in “netmeta.” Users may additionally
specify arguments from netmeta () to customize the implementation of the NMAs; see its
manual for more details [89]. The output of frag.nma () is of class “frag.nma”. It can be
visualized using plot () via the S3 method for class “frag.nma” to show the iterative pro-
cess of event status modifications for deriving the fragility measure of a specific treatment
comparison.

The function frag.nma.alpha () assesses the fragility of an NMA at multiple signifi-
cance levels, similar to frag.study.alpha () and frag.ma.alpha (). Most argu-
ments are the same as frag.nma (), except the arguments alpha. from, alpha. to, and
alpha.breaks for specifying the range of candidate significance levels. Because it may be
time-consuming to perform many NMAs for deriving the fragility measures, we recommend
users to specify a relatively small number of significance levels to alpha . breaks, especially
for large NMAs. The output of frag.nma.alpha () isof classes “frag.alpha” and
“frag.nma.alpha”;again, users can use plot () via the S3 method for “frag.
alpha” to visualize the relationship between fragility measures and significance levels for a
specific treatment comparison.

Summary of data types, functions, and output classes. Table 2 summarizes the functions
and their output classes for each data type. The object produced by each function is a list

Table 2. Summary of major functions (followed by parentheses) and their output classes (within quotation marks) in the package “fragility” for assessing the fragil-

ity of different data types.

Data type Function and output class under each scenario

Single significance level and single dataset | Multiple significance levels and single dataset | Single significance level and multiple datasets
Individual study frag.study(); frag.study.alpha(); frag.studies();

“frag.study” and “frag.alpha” and “frag.multi” and

“frag.study.all” (ifall = TRUE) | “frag.study.alpha” “frag.studies”
Pairwise meta-analysis | frag.ma () frag.ma.alpha () frag.ma ()

“frag.ma” “frag.alpha” and “frag.multi” and

“frag.ma.alpha” “frag.mas”

Network meta- frag.nma () frag.nma.alpha () Not applicable
analysis “frag.nma” “frag.alpha” and

https://doi.org/10.1371/journal.pone.0268754.t002

“frag.nma.alpha”
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containing different elements about the input data, relevant estimates, and their fragility
measures. It is automatically printed by print () via the S3 method for its corresponding
class(es). The printed messages are informative summaries of the data, analyses, and assess-
ments of the fragility. If users would like to obtain more comprehensive information, they can
extract elements from the output list; the elements’ names in the list can be found by applying
the function names ().

Functions for visualizing the fragility. The package “fragility” offers functions for visual-
izing the fragility of individual studies, pairwise and NMAs; they are called by plot () via the
S3 method for certain classes.

To visualize the fragility of an individual study, users need to specify all = TRUE in
frag.study () so thatall possible event status modifications are considered. The produced
object belongs to the class “frag.study.all”; for this object, the arguments of the visual-
ization function are as follows:

plot (x, method, modify0, modifyl, trun, xlab, ylab, xlim,

ylim,

cex.pts, cex.legend.pval, cex.legend.title,

col.ori, col.ori.hl, col.f.hl, col.sig, lty.ori, lwd.ori,
pch, pch.ori, pch.ori.hl, pch.f, pch.f.hl, pch.trun,
adjust.legend, adjust.seg, legend.pvals, ...)

where x is the output of frag.study () withall = TRUE. Users may only specify a
single statistical method used to calculate the p value for the argument me thod when visualiz-
ing the fragility at one time; it must be an element of x$Smethods, i.e., the argument meth-
ods specified for frag.study (). lf method is not specified, then the first method in x
$methods is used. The arguments modify0 and modify1l specify logical values indicating
whether event status is modified in groups 0 and 1, respectively, for the visualization. When
bothmodify0 andmodifyl are TRUE, the generated plot presents p values (with different
colors representing their magnitudes) based on all possible event status modifications; the
modifications in groups 0 and 1 are presented on the x and y axes, respectively. A legend is
displayed to relate different colors to p value magnitudes. When only one of modify0 and
modifyl is TRUE, a scatter plot is generated. It presents p values (on a base-10 logarithmic
scale) on the y axis against modifications in group 0 (if modify0 = TRUE) or group 1 (if
modifyl = TRUE) on the x axis. The default of modify0 and modifyl is TRUE if the
range of modifications in the corresponding treatment group, which is stored in the object x
(i.e., x$£0.range or x$£1.range), is not 0; otherwise, the default is FALSE. Appendix B
in S1 File includes more details of additional arguments.

To visualize the fragility of a pairwise MA, users may apply plot () via the S3 method for
class “frag.ma” to the object x produced by frag.ma () as follows:

plot (x, xlab, ylab, xlim, ylim, ybreaks = NULL, study.

marker = TRUE,

cex.marker, offset.marker, col.line, 1lwd,
legend, x.legend, y.legend, cex.legend, ...)

This generates a plot showing the iterative process of event status modifications, where the x
axis presents the iterations and the y axis gives the group-specific total event counts. As the
total event counts of the two treatment groups may differ greatly, users may specify a range (a
vector of two numerical values) for the argument ybreaks to break the y axis for better visu-
alization. The default of this argument is NULL (i.e., not breaking the y axis). The specified
range should be between the total event counts of the two groups. The axis break is imple-
mented by importing axis.break () from “plotrix” [96]. The argument study .marker
specifies a logical value indicating whether study labels involved in modifications are presented.
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When it is TRUE (the default), an asterisk represents that the corresponding study with an
event status modification remains the same as in the previous iteration. The study labels can be
adjusted by the arguments cex . marker (text size) and of fset .marker (distance from
lines). The remaining arguments are mainly used to specify certain graphical parameters;
again, additional arguments from plot.default () can be specified for customizing the
plot. A legend is automatically presented to identify the two treatment groups; it can be modi-
fied by the last three arguments, which are passed to 1legend () in “graphics.” The default is
to place the legend on the right side with x . legend = “right” andy.legend = NULL;
in cases that the default legend box overlaps with the lines of the event status modification pro-
cess, users may specify other coordinates or keywords to change the legend location.
The visualization function for an NMA is similar to the function above for a pairwise MA.
Specifically, the arguments of plot () via the S3 method for class “frag.nma” include:
plot(x, tidl, tid2, xlab, ylab, xlim, ylim, ybreaks = NULL,
study.marker = TRUE, cex.marker, offset.marker, col.line,
1lwd,
legend, x.legend, y.legend, cex.legend, ...)
where x is the output from frag.nma () . Most arguments are the same with those for
class “frag.ma” of a pairwise MA. The major difference is regarding the arguments t id1
and tid2, which specify the two treatments of the comparison of interest (i.e., tid1 vs.
t1d2). Only one comparison can be specified by tid1 and tid2 at one time for visualiza-
tion. If these two arguments are not specified, the first comparison stored in x$tid. £ is used.
In addition to the three functions above for a single dataset, “fragility” provides two func-
tions for visualizing the relationship between fragility measures and significance levels and for
generating overall distributions of fragility measures among multiple datasets. Specifically, for
an object x of class “frag.alpha” produced by frag.study.alpha (), frag.ma.
alpha (),or frag.nma.alpha (), one may visualize it using plot () via the S3 method
for this class with the following arguments:
plot (x, method, fragility = “FI”, percentage = TRUE, xlab,
ylab,
x1lim, ylim, cex.pts, col.line, col.pval, col.sig, lty.pval,
lwd, lwd.pval, pch, pch.inf, tidl, tid2, FQ.nma = FALSE, ...)
In the generated plot, the x axis presents the significance levels, and the y axis presents the
corresponding fragility measures. Appendix B in S1 File gives details of these arguments.
For an object of class “frag.multi”, the visualization function is:
plot (x, method, dir = “both”, fragility = “FI”,
percentage = TRUE,
max.f = NULL, bar, names.arg, space = 0, breaks, freq,
reverse = FALSE, xlab, ylab, main = NULL, cex.marker, col.
border,
col.sig, trun.marker = TRUE, ...)
where x is the output from frag.studies () and frag.mas (). This function gener-
ates a bar plot or histogram (depending on the specified arguments) to show the overall distri-
bution of fragility measures among the multiple datasets of individual studies or pairwise
MAs. Appendix B in S1 File gives details of these arguments and the generated plot.

Results

This section presents worked examples to illustrate the usage of the various functions in “fra-
gility.” These examples are based on the datasets introduced earlier; users may first load them
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before implementing the following code. We focus on illustrating the usage of several major
arguments for each function with detailed interpretations; users may refer to the manual of
“fragility” for more examples that specify many other arguments for various purposes. The
results were obtained using R (version 4.0.2) with “fragility” (version 1.1).

Example of an individual clinical study

Recall that the dataset dat . ad consists of 347 trials; each row presents the data of one trial.
We first apply the function frag. study () to assess the fragility of trial 13; the code and
output are in Fig 1. The produced object out .triall3isofclass “frag.study”, and
the informative output is displayed via the print method for this class. The output consists of
three parts. The first part gives the information about the original 2x2 table and the ranges of
event status modifications in both groups are presented. The second part displays the informa-
tion about the significance, including the pre-specified significance level, null value(s) (if using
the OR, RR, and/or RD), and the p value(s) with the associated method(s). The third part con-
tains the major information about the fragility, including the FI and FQ based on each method
considered, the direction of significance change, and the corresponding minimal event status
modification(s) for altering significance or non-significance.

In this example, all arguments besides those receiving data input are set to the default, so all
five methods, i.e., Fisher’s exact test, the chi-squared test, OR, RR, and RD, are considered. All
methods indicate significant results in the original dataset at the level of 0.05, so the directions
of their FIs are significance altered to non-significance. All methods except the RD have FIs of
6, while the RD has an FI of 7. The FI may be derived by multiple minimal event status modifi-
cations for some methods. As the produced object out . triall3 isalist, users can apply
names () to obtain the names of all list elements and thus retrieve the results of interest; they
may refer to the manual of “fragility” for details about each element. For example, the FIs of all
five methods can be retrieved as follows:

> out.triall3SFI

Fisher chisg OR RR RD

6 6 6 6 7

To visualize the fragility of trial 13, users need to specify all = TRUE in the frag.
study () function:

> out.triall3.all <- frag.study(e0 = e0, n0O = n0, el = el,
nl = nl,

data = dat.ad[13,], all = TRUE)

The produced output is also of class “frag.study.all”;itcan be visualized as follows:

> plot (out.triall3.all, method = “Fisher”,
main = “FI = 6, significance altered to non-significance”,
cex.pts = 0.5, font.main = 1, cex.main = 0.9)

> plot(out.triall3.all, method = “Fisher”, modifyl = FALSE,
main = “FI = 6, significance altered to non-significance”,
cex.pts = 0.8, font.main =1, cex.main = 0.9)

> plot(out.triall3.all, method = “Fisher”, modify0 = FALSE,
main = “FI = 7, significance altered to non-significance”,
cex.pts = 0.8, font.main = 1, cex.main = 0.9)

Here, Fisher’s exact test is used to calculate p values. Fig 2a-2c present the generated plots.
The first function implementation in the code above visualizes the fragility of trial 13 by
modifying event status in both treatment groups; the argument cex . pts specifies the size of

points in Fig 2a. Each point represents a p value based on certain event status modifications
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> out.triall3d <- frag.study(e0 = e0, n0 = n0, el = el, nl = nl, data = dat.ad[13,])
> out.triall3
Original data:
event no event
group O 16 149
group 1 36 131
Range of event modification in group O:
up to 16 events modified to be non-events;
up to 149 non-events modified to be events
Range of event modification in group 1:
up to 36 events modified to be non-events;
up to 131 non-events modified to be events
Significance level = 0.05
Null hypothesis: OR = 1, RR =1, RD = 0
p-value (two-sided):
0.004 based on Fisher's exact test
0.005 based on chi-squared test
0.004 based on odds ratio
0.004 based on relative risk
0.003 based on risk difference
Fragility index (FI) and fragility quotient (FQ):
Based on Fisher's exact test, FI = 6 (FQ = 1.8%)
for significance altered to non-significance,
achieved by inversing status of
6 non-events in group 0; or
4 non-events in group 0 and 2 events in group 1l; or
5 non-events in group 0 and 1 event in group 1
Based on chi-squared test, FI = 6 (FQ = 1.8%)
for significance altered to non-significance,
achieved by inversing status of
6 non-events in group 0; or
2 non-events in group 0 and 4 events in group 1l; or
3 non-events in group 0 and 3 events in group 1l; or
4 non-events in group 0 and 2 events in group 1l; or
5 non-events in group 0 and 1 event in group 1
Based on odds ratio, FI = 6 (FQ = 1.8%)
for significance altered to non-significance,
achieved by inversing status of
6 non-events in group 0
Based on relative risk, FI = (FQ = 1.8%)
for significance altered to non-significance,
achieved by inversing status of
6 non-events in group O
Based on risk difference, FI 7 (FQ = 2.1%)
for significance altered to non-significance,
achieved by inversing status of
7 non-events in group 0; or
3 non-events in group 0 and 4 events in group 1l; or
4 non-events in group 0 and 3 events in group 1; or
5 non-events in group 0 and 2 events in group 1l; or
6 non-events in group 0 and 1 event in group 1

Fig 1. Output from the function frag.study ().

https://doi.org/10.1371/journal.pone.0268754.9001
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only one group. Plus points represent truncated p values at 10™*°.

https://doi.org/10.1371/journal.pone.0268754.9002

given by the x axis (group 0) and the y axis (group 1). By default, the significance level is 0.05;
the p values lower than this level (significant results) are presented in red, and those above this
level (non-significant results) are in green. The legend on the right side indicates the magni-
tudes of p values; the color opacity of a p value changes linearly according to the negative base-
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10 logarithm of the p value. Because t run is set to 10 by default, p values lower than 107 are
truncated. The non-significant results are generally around a diagonal line, where the event
status is modified so that the even counts in the two groups are close, leading to large p values.
On the other hand, for points away from the diagonal line, the difference between the modified
event counts in the two groups becomes larger, so the corresponding p values are smaller. In
addition, the vertical and horizontal dashed lines indicate no modifications in groups 0 and 1,
respectively; they cross at a square point, corresponding to the p value of the original data. This
p value is located in the red area, implying a significant result; therefore, to assess the fragility
of this trial, we aim at modifying event statuses so that the original p value is moved to the
green area of non-significant results. The three triangle points in the green area indicate three
cases of minimal event status modifications that can alter the significance to non-significance.
They represent 1) changing 6 non-events in group 0 to events; 2) changing 5 non-events in
group 0 to events and 1 event to a non-event in group 1; and 3) changing 4 non-events in
group 0 to events and 2 events to non-events in group 1. These match the output of out .
triall3 displayed previously. All three cases indicate FI = 6.
The second function implementation sets modifyl = FALSE to visualize the fragility by
restricting the modifications to group 0 (Fig 2b). As event status is only modified in group 0,
this plot presents the negative base-10 logarithm of p values against the corresponding modifi-
cations. The p values in this plot correspond to those on the horizontal dashed line at 0 in
Fig 2a. The red area at the top indicates significant results, and the green area at the bottom
indicates non-significant results. Again, the p values lower than 10~'° are truncated; the trun-
cated p values are presented as plus signs. The vertical dashed line at 0 implies the original p
value (presented as a square point), which is within the red area of significant results. The tri-
angle point represents the minimal event status modification in group 0 for altering the signifi-
cance to non-significance; it also implies that the FI is 6 when restricting the modifications to
group 0 (by changing 6 non-events to events). The numerical value of this FI can be also
obtained from the output of frag. study () with its argumentall = TRUE,ie, out.
triall3.allSFIO.
Similarly, the third function implementation sets modify0 = FALSE; it visualizes the
fragility by restricting the modifications to group 1 (Fig 2c). The FI is 7 with this restriction (by
changing 7 events to non-events). The numerical value of this FI can be obtained from out.
triall3.alls$FIL.
If users would like to reduce the type I error rate by lowering the significance level a to
0.001, they may simply specify this level for the argument alpha:
> out.triall3.all.2 <- frag.study(e0 = e0, n0 = n0, el = el,
nl = nl,
data = dat.ad[13,], all = TRUE, alpha = 0.001)

> plot(out.triall3.all.2, method = “Fisher”,
main = “FI = 3, non-significance altered to significance”,
cex.pts = 0.5, font.main =1, cex.main = 0.9)

Fig 2d shows the generated plot. Compared with Fig 2a at & = 0.05, the original result is no
longer significant, and the original p value is now within the green area. As the significance
level decreases, the green area of non-significant results becomes wider. The original p value is
close to the border of the green area, implying that this result might be fragile; indeed, the FI
becomes 3, and its direction is the non-significance altered to significance. This can be
achieved by 1) changing 3 events to non-events in group 0; 2) 2 events to non-events in group
0 and 1 non-event to an event in group 1; or 3) 1 event to a non-event in group 0 and 2 non-
events to events in group 1.
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> out.mal <- frag.ma(e0, n0, el, nl, data = dat.ns[dat.ns$Sma.id == 1,1])

Original meta-analysis contains
99 studies;
885 total events and 10,153 total sample sizes in group 0;
831 total events and 10,407 total sample sizes in group 1
Significance level = 0.05
The effect size is OR (on a logarithmic scale)
The null value of is 0
The estimated overall effect size is
-0.074 with CI (-0.178, 0.030) and p-value 0.165
Fragility index
for non-significance altered to significance

(FI) = 14 and fragility quotient (FQ) = 0.1%

Fig 3. Output from the function frag.ma ().
https://doi.org/10.1371/journal.pone.0268754.9003

Example of a pairwise meta-analysis

We use the dataset dat . ns to illustrate the assessment of the fragility of pairwise MAs. Recall
that this dataset contains 564 pairwise MAs on nutrition support. We apply the function
frag.ma () to the first MA that investigates the overall all-cause mortality; see Fig 3. All
arguments besides those receiving data input are set to the default; that is, the effect measure is
the OR with the null value at 1, the significance level is 0.05, the meta-analysis is performed via
the DL method, and the CI of the overall effect size is derived based on the normal distribu-
tion. The OR is analyzed on a logarithmic scale; the null value of the log OR is 0. The informa-
tive output gives a summary of the original data, the evaluation of significance, and the
assessment of the fragility. In this example, the CI of the overall log OR of the original data cov-
ers 0, indicating a non-significant effect of nutrition support on all-cause mortality. The FI is
14 for altering the non-significance to significance, and the FQ is 0.1%. Due to the space limit,
the output does not provide complete results. The produced object out .mal is a list that con-
tains many results produced during the iterative process of deriving the FI, including the study
and treatment group that are involved in each event status modification, the estimated overall
effect size with its CI in each iteration, as well as the data with modified event status in the final
iteration where the non-significance is just altered. Users may apply names () to obtain the
names of all elements of the produced object.

The package “fragility” does not provide functions to produce classic plots for the pairwise
MA, such as the forest plot and funnel plot, because many existing popular packages such as
“metafor” [88] and “meta” [97] have included these features. Nevertheless, the process of deriv-
ing the FI can be visualized as follows:

> plot (out.mal, ybreaks = c (840, 880), font.main = 1, cex.

main = 0.9,

main = “FI = 14, non-significance altered to
significance”)

Fig 4 presents the produced plot, which shows the total event counts in the two treatment
groups during the iterations. It contains two lines that depict the process, where the blue and
red lines represent groups 0 and 1, respectively. As the argument ybreaks is specified as ¢

(840, 880), the plot omits this range on the y axis for better visualization. The numbers
around the blue line indicate the studies that are involved in the event status modifications
during the iterations. Each asterisk indicates that a study remains unchanged as in the previous
iteration; that is, the first asterisk represents study 43, and the second represents study 45. No
event status is modified in group 1 for deriving the FI in this example.
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Fig 4. Event status modifications in the first pairwise meta-analysis in the dataset dat . ns. Each line represents
changes in the total event count in a certain group. The numbers around each line indicate the studies involved in the
event status modifications during the iterations; each asterisk indicates that a study remains unchanged as in the
previous iteration.

https://doi.org/10.1371/journal.pone.0268754.g004

Example of a network meta-analysis

The function frag.nma () assesses the fragility of an NMA. We apply it to the dataset dat .
sc of the NMA on smoking cessation, which contains 24 studies comparing a total of 4 treat-
ments; see Fig 5. We do not specify the arguments tid1. f and tid2. £, so the fragility of
each treatment comparison is assessed. Because many NMAs need to be performed during the
iterative algorithm for each comparison, the computation time is around 1 hour; the actual
time depends on users’ processors.

This NMA contains 4 treatments, so the results of FIs and FQs are presented in 4x4 matri-
ces. The informative output only displays some important characteristics of the NMA and
results about fragility. As in the previous examples, more detailed results (e.g., directions of the
altered significance or non-significance, studies and treatment groups involved in event status
modifications) can be retrieved from the elements of the produced object out . nma, whose
names can be obtained via applying names () . In this example, the FI is as small as 3 for the
comparison 4 vs. 1 (a relatively fragile comparison), and it is as large as 32 for 3 vs. 1 (a less
fragile comparison).
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> out.nma <- frag.nma(sid, tid, e, n, data = dat.sc)
> out.nma
Original network meta-analysis (NMA) contains

24 studies and 4 treatments
Significance level = 0.05
The effect size is OR (on a logarithmic scale)
The null value of is 0
Fragility index (FI):

1 2 3 4

1 NA 18 32 3

2 18 NA 19 12

3 32 19 NA 23

4 3 12 23 NA

Fragility quotient (FQ), based on the associated comparison:
1 2 3 4

1 NA 0.002045687 0.002189681 0.000385307

2 0.002045687 NA 0.002122668 0.005652379

3 0.002189681 0.002122668 NA 0.002897455

4 0.000385307 0.005652379 0.002897455 NA

Fragility quotient (FQ), based on the total sample size in the NMA:

1 2 3 4

1 NA 0.0010754616 0.001911932 0.0001792436

2 0.0010754616 NA 0.001135209 0.0007169744

3 0.0019119316 0.0011352094 NA 0.0013742009

4 0.0001792436 0.0007169744 0.001374201 NA

See the manual for details to retrieve more information.

Fig 5. Output from the function frag.nma ().
https://doi.org/10.1371/journal.pone.0268754.9g005

The visualization of the process of deriving the FI in an NMA is similar to that in a pairwise
MA. The major difference is that the visualization in the NMA needs to be implemented for
each treatment comparison separately. We apply plot () to the produced object out . nma
that is of class “ frag.nma”:

> plot (out.nma, tidl = 2, tid2 = 1, ybreaks = ¢ (170, 595),

x.legend = “topright”, font.main = 1, cex.main = 0.9,
main = “FI = 18, non-significance altered to
significance”)

plot (out.nma, tidl = 3, tid2 = 1, ybreaks = c (635, 1200),
x.legend = “bottomright”, font.main = 1, cex.main = 0.9,
main = “FI = 32, significance altered to non-
significance”)

plot (out.nma, tidl = 4, tid2 = 1, ybreaks = c (105, 600),
font.main = 1, cex.main = 0.9,

\%

\%

main = “FI = 3, significance altered to non-significance”)
> plot (out.nma, tidl = 3, tid2 = 2, ybreaks = c (160, 1205),
font.main = 1, cex.main = 0.9,
main = “FI = 19, non-significance altered to
significance”)
> plot (out.nma, tidl = 4, tid2 = 2, ybreaks = ¢ (110, 140),
x.legend = “topright”, font.main = 1, cex.main = 0.9,
main = “FI = 12, non-significance altered to
significance”)
> plot (out.nma, tidl = 4, tid2 = 3, ybreaks = c (130, 1205),
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x.legend = “bottomright”, font.main = 1, cex.main = 0.9,
main = “FI = 23, non-significance altered to
significance”)

Fig 6 presents the produced plots. The argument ybreaks is specified differently for each
comparison because the ranges of the involved total event counts differ. Again, an asterisk rep-
resents that a study with modified event status remains unchanged as in the previous iteration.
These plots indicate event status is generally modified in a few studies to alter the significance
or non-significance. For example, to derive the FI of the comparison 2 vs. 1 in Fig 6a, only
studies 2, 16, and 22 among the 24 studies are involved in event status modifications.

The function frag.nma () can be similarly applied to the dataset dat . copd. This data-
set serves as a toy example; its fragility can be assessed much faster due to its small size. Its
results are not presented in this article. If an NMA contains many treatments, the assessment
of its fragility may take a long time. In this case, users are recommended to only assess the fra-
gility of certain treatment comparisons of primary interest by specifying tidl.f and tid2.
£. Moreover, “fragility” does not provide functions to visualize the NMA, such as the treat-
ment network plot and treatment rank plot, because many existing packages such as “gemtc”
[98], “netmeta” [89], and “pcnetmeta” [99] have included these features.

Example of assessing the fragility at multiple significance levels

The previous examples present the assessment and visualization of the fragility of individual
studies, pairwise MAs, and NMAs at a specific significance level. As there are ongoing debates
on the choice of statistical significance level [56, 57], users might want to assess the fragility at
multiple significance levels. They may apply the functions frag.study.alpha(), frag.
ma.alpha(),and frag.nma.alpha () toindividual studies, pairwise MAs, and NMAs,
respectively, for such purposes. Their usage is similar to their counterparts frag.study (),
frag.ma (), and frag.nma (). The produced objects are all of class “frag.alpha”,
which can be visualized using plot () via the S3 method for this class. We focus on an exam-
ple of an individual study; the code can be similarly applied to pairwise MAs and NMAs.

We continue to use trial 13 in the dataset dat . ad for illustrating frag. study.alpha

() ; see Fig 7. The default options are used to specify the range of significance levels, i.e., 100
equally-spaced values between 0.005 and 0.05. The p values are derived based on all five meth-
ods, i.e., Fisher’s exact test, the chi-squared test, OR, RR, and RD. Like the output produced by
frag.study (), the informative output displays summaries in three parts, which are about
original data, significance tests, and fragility. Compared with the output produced by frag.
study (), the major difference is in the last part about fragility; the output of frag.
study.alpha () gives the average fragility measures in the range of specified significance
levels. The produced object out .triall3.alpha isalist, and users can retrieve more
detailed information, such as the FI and FQ at each significance level, from this list.

The results can be visualized via plot () as follows:

> plot (out.triall3.alpha)

> plot (out.triall3.alpha, fragility = “FQ”)

In the first line, the fragility measure is the FI by default; in the second line, the fragility
measure is the FQ. Fig 8a and 8b present the generated plots. As the argument method is not
specified, the plots are based on the default option, i.e., Fisher’s exact test. Because the FQ is
the FI divided by the total sample size in the study, which is a constant, the two plots have the
same shape; they only differ with respect to the scale on the y axis. Because the FIs must be
integers, the plots appear to be step functions. All points in the plots are in red, indicating that
the original results are significant at all levels, and the FIs and FQs represent that the
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Fig 6. Event status modifications in the network meta-analysis dataset dat . sc. Each line represents changes in the
total event count in a certain group. The numbers around each line indicate the studies involved in the event status

modifications during the iterations; each asterisk indicates that a study remains unchanged as in the previous iteration.
(a) Comparison 2 vs. 1. (b) Comparison 3 vs. 1. (c) Comparison 4 vs. 1. (d) Comparison 3 vs. 2. (¢) Comparison 4 vs. 2.

(f) Comparison 4 vs. 3.

https://doi.org/10.1371/journal.pone.0268754.9006
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> out.triall3.alpha <- frag.study.alpha(e0, n0, el, nl, data = dat.ad[1l3,1])
> out.triall3.alpha

Original data:
event no event
group O 16 149
group 1 36 131
Range of event modification in group O:
up to 16 events modified to be non-events;
up to 149 non-events modified to be events
Range of event modification in group 1:
up to 36 events modified to be non-events;
up to 131 non-events modified to be events

Significance level varies from 0.005 to 0.05
Null hypothesis: OR = 1, RR =1, RD = 0
p-value (two-sided):
0.004 based on Fisher's exact test
.005 based on chi-squared test
.004 based on odds ratio
.004 based on relative risk
.003 based on risk difference

@ 0 @ ©

Fragility index (FI) and fragility quotient (FQ):
Based on Fisher's exact test,

Average FI = 4.23 (min = 1, max = 6);

Average FQ = 1.3% (min 0.3%, max = 1.8%)
Based on chi-squared test,

Average FI = 3.88 (min = 1, max = 6);

Average FQ = 1.2% (min = 0.3%, max = 1.8%)
Based on odds ratio,

Average FI = 4.56 (min = 1, max = 6);

Average FQ = 1.4% (min = 0.3%, max = 1.8%)
Based on relative risk,

Average FI = 4.43 (min = 1, max = 6);

Average FQ = 1.3% (min = 0.3%, max = 1.8%)
Based on risk difference,

Average FI = 4.88 (min = 2, max = 7);

Average FQ = 1.5% (min = 0.6%, max = 2.1%)

Fig 7. Output from the function frag.study.alpha().
https://doi.org/10.1371/journal.pone.0268754.g007

significance is altered to non-significance. As the significance level increases from 0.005 to
0.05, the FI increases from 1 to 6. These correspond to the previous output of out .
triall3.alpha,and the average FI is 4.23.
Users may specify additional arguments; for example, we change the code to:
> out.triall3.alpha.2 <- frag.study.alpha(e0, n0O, el, nl,
data = dat.ad[13,], alpha.from = 0.001, alpha.to = 0.1,
alpha.breaks = 500)

> plot(out.triall3.alpha.?2)

> plot(out.triall3.alpha.2, log = “x”)

The significance levels range from 0.001 to 0.1; 500 equally-spaced values are chosen within
this range; the results are visualized in Fig 8c. Other arguments from plot.default () can
be imported; here, we specify 1og = “x” to present the significance levels on a logarithmic
scale as in Fig 8d. From the previous output of out.triall3.alpha, the p value of the
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https://doi.org/10.1371/journal.pone.0268754.9008

original data based on Fisher’s exact test is 0.004, so the result is significant if the significance
level is above 0.004 but is non-significant if the level is below 0.004. The vertical dashed line in
Fig 8c indicates the original p value; the FIs on its left side (points in green) represent the non-
significance altered to significance, and those on its right side (points in red) represent the sig-
nificance altered to non-significance. As the significance level increases from 0.001 to 0.1, the
FI first decreases from 3 to 1 and then increases from 1 to 8.
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Example of assessing the fragility of multiple datasets

As multiple clinical studies or pairwise MAs (e.g., with different disease outcomes) may be
available on certain common topics, clinicians may be interested in the overall distributions of
the fragility measures of these studies or pairwise MAs. The functions frag.studies ()
and frag.mas () can be used for such purposes. Such a function is not provided for NMAs
in “fragility,” because usually only a few NMAs are available on common topics. The usage

of frag.studies () and frag.mas () is similar to that of frag.study () and frag.
ma (), respectively. The produced objects of both functions are of class “frag.multi”;
they can be visualized using plot () via the S3 method for this class.

Specifically, we can assess the fragility of all trials contained in the dataset dat .ad asin
Fig 9. By default, all five methods (Fisher’s exact test, the chi-squared test, OR, RR, and RD)
are used to derive the fragility measures. The informative output displays a summary of the
original data, significance tests, and fragility measures (e.g., medians, ranges, and interquartile
ranges [IQRs]). When presenting the fragility measures, the 347 trials are distinguished into
two groups, i.e., those with originally significant results and non-significant ones. Users can
retrieve complete results from the elements of the output list out . trials; for example, the
FIs of all trials are stored in out . trials$FI.

The fragility measures of all trials can be visualized as follows:

> plot (out.trials, method = “Fisher”, cex.name = 0.6)

> plot (out.trials, method = “Fisher”, max.f = 16, cex.

name = 0.6)

> plot (out.trials, dir = “sig2nonsig”, method = “Fisher”,

cex.name = 0.6)

> plot (out.trials, dir = “nonsig2sig”, method = “Fisher”,
cex.name = 0.6)

> plot (out.trials, method = “Fisher”, fragility = “FQ”, max.

f = 20)

> plot (out.trials, method = “Fisher”, fragility = “FQ”, max.

f = 20,

breaks = 20)

Six plots are produced for different illustrative purposes, as shown in Fig 10. They are based
on Fisher’s exact test. In the first four function implementations, the argument fragility
uses the default option, i.e., “FI”, and bar is TRUE by default, so Fig 10a-10d present bar
plots of FIs. The argument cex . name is passed to barplot () for adjusting the text size on
the x axis; if the size is too large, many values may disappear due to space limit. Fig 10a pres-
ents the overall distribution of FIs of all 347 trials. The FIs range from 1 to 19; many trials have
FIs between 1 and 10, implying that their significance could be altered by changing the event
statuses of at most 10 patients. The bars in red represent trials with originally significant
results, so their FIs indicate the significance altered to non-significance; the bars in green rep-
resent trials with originally non-significant results, which are altered to be significant. Most tri-
als originally have non-significant results. The FIs of some trials have extreme values, which
may affect the visualization effect of the overall distribution. As in the second function imple-
mentation of the code above, users can specify max . £ to truncate FIs above the specified
value. Fig 10b presents the overall distribution with FIs truncated at 16; all trials with FIs above
16 are stacked at the rightmost bar. If users want to focus on the direction of FIs that alter the
significance to non-significance or its inverse, dir can be specified as “sig2nonsig” or
“nonsig2sig”,leading to the bar plots in Fig 10c and 10d, respectively. By default, this
argument is “both”, i.e.,, both directions are presented as in Fig 10a and 10b.
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> out.trials <- frag.studies(e0O, n0, el, nl, data = dat.ad)
> out.trials
The input dataset contains 347 studies
Significance level = 0.05
Null hypothesis: OR =1, RR =1, RD = 0
p-value (two-sided) is based on:
Fisher's exact test
chi-squared test
odds ratio
relative risk
risk difference

Fragility index (FI) and fragility quotient (FQ):
Based on Fisher's exact test,
32 studies yield significance with
median FI = 3, range 1-13, IQR 1-6 and
median FQ = 2.1%, range 0.2%-11.1%, IQR 0.7%-4.3%;
315 studies yield non-significance with
median FI = 6, range 1-19, IQR 4-8 and
median FQ = 4.4%, range 0.3%-50.0%, IQR 2.8%-7.2%;
overall, among all studies,
median FI = 6, range 1-19, IQR 3-8 and
median FQ = 4.2%, range 0.2%-50.0%, IQR 2.5%-6.8%
Based on chi-squared test,
29 studies yield significance with
median FI = 2, range 1-13, IQR 1-6 and
median FQ = 1.9%, range 0.1%-8.9%, IQR 1.2%-3.8%;
318 studies yield non-significance with
median FI = 6, range 1-19, IQR 4-9 and
median FQ = 4.6%, range 0.3%-50.0%, IQR 2.9%-7.5%
while 1 study has FI = FQ = NA;
overall, among all studies,
median FI = 6, range 1-19, IQR 4-9 and
median FQ = 4.4%, range 0.1%-50.0%, IQR 2.8%-7.1
while 1 study has FI = FQ = NA
Based on odds ratio,
38 studies yield significance with
median FI = 2, range 1-14, IQR 1-5 and
median FQ = 2.0%, range 0.3%-11.1%, IQR 0.6%-4.3
309 studies yield non-significance with
median FI = 6, range 1-18, IQR 4-8 and
median FQ = 4.2%, range 0.3%-50.0%, IQR 2.7%-7.2
while 1 study has FI = FQ = NA;
overall, among all studies,
median FI = 6, range 1-18, IQR 3-8 and
median FQ = 4.0%, range 0.3%-50.0%, IQR 2.4%-7.0
while 1 study has FI = FQ = NA
Based on relative risk,
36 studies yield significance with
median FI = 2, range 1-14, IQR 1-5 and
median FQ = 2.0%, range 0.2%-11.1%, IQR 0.5%-3.8
311 studies yield non-significance with
median FI = 6, range 1-19, IQR 4-8 and
median FQ = 4.3%, range 0.3%-36.8%, IQR 2.8%-7.4
while 2 studies have FI = FQ = NA;
overall, among all studies,
median FI = 6, range 1-19, IQR 4-8 and
median FQ = 4.1%, range 0.2%-36.8%, IQR 2.5%-7.2
while 2 studies have FI = FQ = NA
Based on risk difference,
42 studies yield significance with
median FI = 3, range 1-14, IQR 1-5 and
median FQ = 2.2%, range 0.3%-16.7%, IQR 0.5%-4.0
305 studies yield non-significance with
median FI = 5, range 1-18, IQR 3-8 and
median FQ = 4.1%, range 0.3%-28.6%, IQR 2.5%-6.2
overall, among all studies,
median FI = 5, range 1-18, IQR 3-8 and
median FQ = 3.8%, range 0.3%-28.6%, IQR 2.
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Fig 9. Output from the function frag.studies ().
https://doi.org/10.1371/journal.pone.0268754.9009
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quotients of all trials with more breaks.

https://doi.org/10.1371/journal.pone.0268754.9010

Alternatively, users can specify fragility = “FQ” to produce plots for FQs as in the
last two function implementations in the code above. As FQs can take any values within 0%-
100%, instead of only integers like FIs, the histogram rather than the bar plot is produced for
FQs. Fig 10e presents the overall distribution of FQs, truncated at 20%. If breaks is not speci-
fied, the number of breaks in the histogram is automatically determined by hist (). Users
may adjust this argument to change the number of breaks as in Fig 10f.

We also apply frag.mas () to the dataset dat . ns to assess the fragility of multiple pair-
wise MAs, as in Fig 11. The effect measure of these MAs is the OR (measure = “OR”) by
default. The output is similar to that of out . trials. It displays a summary of the input
MAs, information about significance, and fragility measures. Among the total of 564 pairwise
MAs, 97 have significant overall ORs, and their FIs range from 1 to 167; 467 have non-signifi-
cant overall ORs with FIs ranging from 1 to 61.

The produced object out .mas is of class “frag.multi”, and can be visualized as
follows:
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> out.mas <- frag.mas(eO, n0O, el, nl, ma.id, data = dat.ns)
> out.mas

The input dataset contains 564 meta-analyses

Significance level = 0.05

The effect size is OR (on a logarithmic scale)

The null value of is 0

Fragility index (FI) and fragility quotient (FQ):
97 meta-analyses yield significance with
median FI = 11, range 1-167, IQR 5-26 and
median FQ = 0.2%, range 0.0%-1.4%, IQR 0.1%-0.3%;
467 meta-analyses yield non-significance with
median FI = 8, range 1-61, IQR 5-16 and
median FQ = 0.6%, range 0.0%-8.9%, IQR 0.2%-2.4%;
overall, among all meta-analyses,
median FI = 9, range 1-167, IQR 5-17 and
median FQ = 0.5%, range 0.0%-8.9%, IQR 0.2%-1.9%

Fig 11. Output from the function frag.mas ().
https://doi.org/10.1371/journal.pone.0268754.9011

> plot (out.mas, max.f = 40, cex.name = 0.5)

> plot (out.mas, fragility = “FQ”, breaks = 20)

The first line produces the bar plot of FIs of all 564 MAs in Fig 12a, and the second line pro-
duces the histogram of FQs in Fig 12b. As displayed in the output of out . mas, the FIs may
take large values up to 167, so max . £ is specified as 40 for truncation. Most MAs have FIs less
than 15 and FQs less than 1%.

Discussion

This article has reviewed methods for assessing and visualizing the fragility of an individual
study, pairwise MA, and NMA with a binary outcome; the package “fragility” is designed for
implementing these methods. We have focused on introducing the usage of many user-
friendly functions provided by this package and illustrating them via several worked examples.

The FI and FQ are useful tools to assess clinical results’ fragility; many researchers are
becoming interested in these measures due to the growing concerns about research reproduc-
ibility and replicability. Nevertheless, it may be limited to assess the fragility based entirely on
the numerical value of the FI or FQ. Most existing software programs do not provide much
additional information about the FI or FQ besides its numerical value. The package “fragility”
offers a variety of results that may aid the assessment of fragility. For example, the package pro-
duces various plots that visualize the studies and treatments involved in event status modifica-
tions in the iterative process for computing the FI or FQ of a pairwise MA or NMA. Such plots
may indicate studies or treatments that are potentially influential in the meta-analytic results;
clinicians may carefully examine the reliability (e.g., methodological quality) of the associated
studies. In addition, users can specify certain directions of event status modifications in each
treatment group for an individual study. The package provides information about different
scenarios when the significance or non-significance is altered. It is crucial to incorporate such
detailed information with clinicians’ opinions on a case-by-case basis; for some rare diseases, it
may be more sensible to modify events to non-events.

There are still several limitations of the “fragility” package. First, using this package requires
researchers to possess some coding skills; clinicians without coding training might not directly
use this package for assessing the fragility of clinical studies. Second, the current version of the
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Fig 12. Distributions of fragility measures of the pairwise meta-analyses in the dataset dat . ns. (a) Bar plot of
fragility indexes. (b) Histogram of fragility quotients.
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“fragility” package can only deal with clinical studies with binary outcomes. Recently, Caldwell
etal. [100] proposed a method to define the FI of studies with continuous outcomes. If this
method is further validated in practical applications, we will consider incorporating it into the
future releases of the “fragility” package. Third, the existing literature lacks a guideline or rule
of thumb to interpret the magnitude of the FI or FQ (i.e., the extent of fragility). On the one
hand, the interpretation might depend on the clinical setting, e.g., whether the outcomes of
some patients are possibly modified. On the other hand, in future work, we plan to systemati-
cally collect many clinical studies, pairwise MAs, and NMAs across different specialties (e.g.,
from the Cochrane Library), obtain their FIs and FQs, and derive the empirical distributions
for all datasets and those within subgroups of specific research areas. Such empirical distribu-
tions will be incorporated in future versions of “fragility,” and they will further assist users in
properly interpreting the fragility of clinical results.

Supporting information
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(PDF)

Author Contributions
Conceptualization: Lifeng Lin.
Formal analysis: Lifeng Lin.
Funding acquisition: Haitao Chu.
Methodology: Lifeng Lin.

Software: Lifeng Lin.

Visualization: Lifeng Lin.

Writing - original draft: Lifeng Lin.

Writing - review & editing: Lifeng Lin, Haitao Chu.

References

1. loannidis JPA, Ntzani EE, Trikalinos TA, Contopoulos-loannidis DG. Replication validity of genetic
association studies. Nature Genetics. 2001; 29(3):306—309. https://doi.org/10.1038/ng749 PMID:
11600885

2. loannidis JPA. Why most published research findings are false. PLOS Medicine. 2005; 2(8):e124.
https://doi.org/10.1371/journal.pmed.0020124 PMID: 16060722

3. Richter SH, Garner JP, Wirbel H. Environmental standardization: cure or cause of poor reproducibility
in animal experiments? Nature Methods. 2009; 6(4):257-261. https://doi.org/10.1038/nmeth.1312
PMID: 19333241

4. Open Science Collaboration. Estimating the reproducibility of psychological science. Science. 2015;
349(6251):aac4716. https://doi.org/10.1126/science.aac4716 PMID: 26315443

5. Baker M. Is there a reproducibility crisis? Nature. 2016; 533(7604):452—-454. https://doi.org/10.1038/
533452a PMID: 27225100

6. Negrini S, Arienti C, Pollet J, Engkasan JP, Francisco GE, Frontera WR, et al. Clinical replicability of
rehabilitation interventions in randomized controlled trials reported in main journals is inadequate.
Journal of Clinical Epidemiology. 2019; 114:108—117. https://doi.org/10.1016/}.jclinepi.2019.06.008
PMID: 31220570

7. Nuzzo R. Estimating the reproducibility of psychological science. Nature. 2014; 506(7487):150—152.
https://doi.org/10.1038/506150a PMID: 24522584

8. Halsey LG, Curran-Everett D, Vowler SL, Drummond GB. The fickle P value generates irreproducible
results. Nature Methods. 2015; 12(3):179-185. https://doi.org/10.1038/nmeth.3288 PMID: 25719825

PLOS ONE | https://doi.org/10.1371/journal.pone.0268754  June 1, 2022 33/38


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0268754.s001
https://doi.org/10.1038/ng749
http://www.ncbi.nlm.nih.gov/pubmed/11600885
https://doi.org/10.1371/journal.pmed.0020124
http://www.ncbi.nlm.nih.gov/pubmed/16060722
https://doi.org/10.1038/nmeth.1312
http://www.ncbi.nlm.nih.gov/pubmed/19333241
https://doi.org/10.1126/science.aac4716
http://www.ncbi.nlm.nih.gov/pubmed/26315443
https://doi.org/10.1038/533452a
https://doi.org/10.1038/533452a
http://www.ncbi.nlm.nih.gov/pubmed/27225100
https://doi.org/10.1016/j.jclinepi.2019.06.008
http://www.ncbi.nlm.nih.gov/pubmed/31220570
https://doi.org/10.1038/506150a
http://www.ncbi.nlm.nih.gov/pubmed/24522584
https://doi.org/10.1038/nmeth.3288
http://www.ncbi.nlm.nih.gov/pubmed/25719825
https://doi.org/10.1371/journal.pone.0268754

PLOS ONE

Assessing and visualizing fragility of clinical results with binary outcomes

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

Goodman SN. Toward evidence-based medical statistics. 1: the P value fallacy. Annals of Internal
Medicine. 1999; 130(12):995-1004. https://doi.org/10.7326/0003-4819-130-12-199906150-00008
PMID: 10383371

Sterne JAC, Davey Smith G. Sifting the evidence—what’s wrong with significance tests? BMJ. 2001;
322:226-231. https://doi.org/10.1136/bm;j.322.7280.226 PMID: 11159626

Dickersin K. The existence of publication bias and risk factors for its occurrence. JAMA. 1990; 263
(10):1385-1389. https://doi.org/10.1001/jama.263.10.1385 PMID: 2406472

Sutton AJ, Duval SJ, Tweedie R, Abrams KR, Jones DR. Empirical assessment of effect of publication
bias on meta-analyses. BMJ. 2000; 320(7249):1574—1577. https://doi.org/10.1136/bmj.320.7249.
1574 PMID: 10845965

Turner EH, Matthews AM, Linardatos E, Tell RA, Rosenthal R. Selective publication of antidepressant
trials and its influence on apparent efficacy. New England Journal of Medicine. 2008; 358(3):252—260.
https://doi.org/10.1056/NEJMsa065779 PMID: 18199864

Mathieu S, Boutron |, Moher D, Altman DG, Ravaud P. Comparison of registered and published pri-
mary outcomes in randomized controlled trials. JAMA. 2009; 302(9):977—-984. https://doi.org/10.1001/
jama.2009.1242 PMID: 19724045

Niesch E, Trelle S, Reichenbach S, Rutjes AWS, Tschannen B, Altman DG, et al. Small study effects
in meta-analyses of osteoarthritis trials: meta-epidemiological study. BMJ. 2010; 341:¢3515. https://
doi.org/10.1136/bmj.c3515 PMID: 20639294

Lin L, Chu H, Murad MH, Hong C, Qu Z, Cole SR, et al. Empirical comparison of publication bias tests
in meta-analysis. Journal of General Internal Medicine. 2018; 33(8):1260-1267. https://doi.org/10.
1007/s11606-018-4425-7 PMID: 29663281

Lin L, Chu H. Quantifying publication bias in meta-analysis. Biometrics. 2018; 74(3):785-794. https://
doi.org/10.1111/biom.12817 PMID: 29141096

Lin L, ShiL, Chu H, Murad MH. The magnitude of small-study effects in the Cochrane Database of
Systematic Reviews: an empirical study of nearly 30 000 meta-analyses. BMJ Evidence-Based Medi-
cine. 2020; 25(1):27-32. https://doi.org/10.1136/bmjebm-2019-111191 PMID: 31273125

Greenland S, Poole C. Living with Pvalues: resurrecting a Bayesian perspective on frequentist statis-
tics. Epidemiology. 2013; 24(1):62—-68. https://doi.org/10.1097/EDE.Ob013e3182785741 PMID:
23232611

Wasserstein RL, Lazar NA. The ASA statement on p-values: context, process, and purpose. The
American Statistician. 2016; 70(2):129-133. https://doi.org/10.1080/00031305.2016.1154108

Lash TL. The harm done to reproducibility by the culture of null hypothesis significance testing. Ameri-
can Journal of Epidemiology. 2017; 186(6):627—635. https://doi.org/10.1093/aje/kwx261 PMID:
28938715

Amrhein V, Greenland S, McShane B. Scientists rise up against statistical significance. Nature. 2019;
567:305-307. https://doi.org/10.1038/d41586-019-00857-9 PMID: 30894741

Zarin DA, Tse T, Williams RJ, Califf RM, Ide NC. The ClinicalTrials.gov results database—update and
key issues. New England Journal of Medicine. 2011; 364(9):852-860. https://doi.org/10.1056/
NEJMsa1012065 PMID: 21366476

Walsh M, Srinathan SK, McAuley DF, Mrkobrada M, Levine O, Ribic C, et al. The statistical signifi-
cance of randomized controlled trial results is frequently fragile: a case for a fragility index. Journal of
Clinical Epidemiology. 2014; 67(6):622—628. https://doi.org/10.1016/j.jclinepi.2013.10.019 PMID:
24508144

Feinstein AR. The unit fragility index: an additional appraisal of ‘statistical significance’ for a contrast of
two proportions. Journal of Clinical Epidemiology. 1990; 43(2):201-209. https://doi.org/10.1016/0895-
4356(90)90186-S PMID: 2303850

Walter SD. Statistical significance and fragility criteria for assessing a difference of two proportions.
Journal of Clinical Epidemiology. 1991; 44(12):1373-1378. https://doi.org/10.1016/0895-4356(91)
90098-T PMID: 1753268

Evaniew N, Files C, Smith C, Bhandari M, Ghert M, Walsh M, et al. The fragility of statistically signifi-
cant findings from randomized trials in spine surgery: a systematic survey. The Spine Journal. 2015;
15(10):2188-2197. https://doi.org/10.1016/j.spinee.2015.06.004 PMID: 26072464

Ridgeon EE, Young PJ, Bellomo R, Mucchetti M, Lembo R, Landoni G. The fragility index in multicen-
ter randomized controlled critical care trials. Critical Care Medicine. 2016; 44(7):1278-1284. https://
doi.org/10.1097/CCM.0000000000001670 PMID: 26963326

Matics TJ, Khan N, Jani P, Kane JM. The fragility index in a cohort of pediatric randomized controlled
trials. Journal of Clinical Medicine. 2017; 6(8):79. https://doi.org/10.3390/jcm6080079

PLOS ONE | https://doi.org/10.1371/journal.pone.0268754  June 1, 2022 34/38


https://doi.org/10.7326/0003-4819-130-12-199906150-00008
http://www.ncbi.nlm.nih.gov/pubmed/10383371
https://doi.org/10.1136/bmj.322.7280.226
http://www.ncbi.nlm.nih.gov/pubmed/11159626
https://doi.org/10.1001/jama.263.10.1385
http://www.ncbi.nlm.nih.gov/pubmed/2406472
https://doi.org/10.1136/bmj.320.7249.1574
https://doi.org/10.1136/bmj.320.7249.1574
http://www.ncbi.nlm.nih.gov/pubmed/10845965
https://doi.org/10.1056/NEJMsa065779
http://www.ncbi.nlm.nih.gov/pubmed/18199864
https://doi.org/10.1001/jama.2009.1242
https://doi.org/10.1001/jama.2009.1242
http://www.ncbi.nlm.nih.gov/pubmed/19724045
https://doi.org/10.1136/bmj.c3515
https://doi.org/10.1136/bmj.c3515
http://www.ncbi.nlm.nih.gov/pubmed/20639294
https://doi.org/10.1007/s11606-018-4425-7
https://doi.org/10.1007/s11606-018-4425-7
http://www.ncbi.nlm.nih.gov/pubmed/29663281
https://doi.org/10.1111/biom.12817
https://doi.org/10.1111/biom.12817
http://www.ncbi.nlm.nih.gov/pubmed/29141096
https://doi.org/10.1136/bmjebm-2019-111191
http://www.ncbi.nlm.nih.gov/pubmed/31273125
https://doi.org/10.1097/EDE.0b013e3182785741
http://www.ncbi.nlm.nih.gov/pubmed/23232611
https://doi.org/10.1080/00031305.2016.1154108
https://doi.org/10.1093/aje/kwx261
http://www.ncbi.nlm.nih.gov/pubmed/28938715
https://doi.org/10.1038/d41586-019-00857-9
http://www.ncbi.nlm.nih.gov/pubmed/30894741
https://doi.org/10.1056/NEJMsa1012065
https://doi.org/10.1056/NEJMsa1012065
http://www.ncbi.nlm.nih.gov/pubmed/21366476
https://doi.org/10.1016/j.jclinepi.2013.10.019
http://www.ncbi.nlm.nih.gov/pubmed/24508144
https://doi.org/10.1016/0895-4356(90)90186-S
https://doi.org/10.1016/0895-4356(90)90186-S
http://www.ncbi.nlm.nih.gov/pubmed/2303850
https://doi.org/10.1016/0895-4356(91)90098-T
https://doi.org/10.1016/0895-4356(91)90098-T
http://www.ncbi.nlm.nih.gov/pubmed/1753268
https://doi.org/10.1016/j.spinee.2015.06.004
http://www.ncbi.nlm.nih.gov/pubmed/26072464
https://doi.org/10.1097/CCM.0000000000001670
https://doi.org/10.1097/CCM.0000000000001670
http://www.ncbi.nlm.nih.gov/pubmed/26963326
https://doi.org/10.3390/jcm6080079
https://doi.org/10.1371/journal.pone.0268754

PLOS ONE

Assessing and visualizing fragility of clinical results with binary outcomes

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

Shen C, Shamsudeen |, Farrokhyar F, Sabri K. Fragility of results in ophthalmology randomized con-
trolled trials: a systematic review. Ophthalmology. 2018; 125(5):642—648. https://doi.org/10.1016/j.
ophtha.2017.11.015 PMID: 29241744

Del Paggio JC, Tannock IF. The fragility of phase 3 trials supporting FDA-approved anticancer medi-
cines: a retrospective analysis. The Lancet Oncology. 2019; 20(8):1065—1069. https://doi.org/10.
1016/S1470-2045(19)30338-9 PMID: 31296490

Tignanelli CJ, Napolitano LM. The fragility index in randomized clinical trials as a means of optimizing
patient care. JAMA Surgery. 2019; 154(1):74-79. https://doi.org/10.1001/jamasurg.2018.4318 PMID:
30422256

Giannini A, Di Donato V, Schiavi MC, May J, Panici PB, Congiu MA. Predictors of postoperative overall
and severe complications after surgical treatment for endometrial cancer: the role of the fragility index.
International Journal of Gynecology & Obstetrics. 2020; 148(2):174—180. https://doi.org/10.1002/ijgo.
13020 PMID: 31657456

Gurevitch J, Koricheva J, Nakagawa S, Stewart G. Meta-analysis and the science of research synthe-
sis. Nature. 2018; 555(7695):175—-182. https://doi.org/10.1038/nature25753 PMID: 29517004

Niforatos JD, Weaver M, Johansen ME. Assessment of publication trends of systematic reviews and
randomized clinical trials, 1995 to 2017. JAMA Internal Medicine. 2019; 179(11):1593—1594. https://
doi.org/10.1001/jamainternmed.2019.3013 PMID: 31355871

loannidis JPA. The mass production of redundant, misleading, and conflicted systematic reviews and
meta-analyses. The Milbank Quarterly. 2016; 94(3):485-514. https://doi.org/10.1111/1468-0009.
12210 PMID: 27620683

Naudet F, Schuit E, loannidis JPA. Overlapping network meta-analyses on the same topic: survey of
published studies. International Journal of Epidemiology. 2017; 46(6):1999-2008. https://doi.org/10.
1093/ije/dyx138 PMID: 29040566

Hacke C, Nunan D. Discrepancies in meta-analyses answering the same clinical question were hard
to explain: a meta-epidemiological study. Journal of Clinical Epidemiology. 2020; 119:47-56. https://
doi.org/10.1016/j.jclinepi.2019.11.015 PMID: 31783099

Sideri S, Papageorgiou SN, Eliades T. Registration in the international prospective register of system-
atic reviews (PROSPERO) of systematic review protocols was associated with increased review qual-
ity. Journal of Clinical Epidemiology. 2018; 100:103—110. https://doi.org/10.1016/j.jclinepi.2018.01.
003 PMID: 29339215

Seidler AL, Hunter KE, Cheyne S, Ghersi D, Berlin JA, Askie L. A guide to prospective meta-analysis.
BMJ. 2019; 367:15342. https://doi.org/10.1136/bm;.15342 PMID: 31597627

Atal |, Porcher R, Boutron I, Ravaud P. The statistical significance of meta-analyses is frequently frag-
ile: definition of a fragility index for meta-analyses. Journal of Clinical Epidemiology. 2019; 111:32—40.
https://doi.org/10.1016/j.jclinepi.2019.03.012 PMID: 30940600

Xing A, Chu H, Lin L. Fragility index of network meta-analysis with application to smoking cessation
data. Journal of Clinical Epidemiology. 2020; 127:29-39. https://doi.org/10.1016/}.jclinepi.2020.07.003
PMID: 32659361

Carter RE, McKie PM, Storlie CB. The fragility index: a P-value in sheep’s clothing? European Heart
Journal. 2017; 38(5):346—348. PMID: 28417139

Acuna SA, Sue-Chue-Lam C, Dossa F. The fragility index—P values reimagined, flaws and all. JAMA
Surgery. 2019; 154(7):674. https://doi.org/10.1001/jamasurg.2019.0567 PMID: 30994897

Tignanelli CJ, Napolitano LM. The fragility index—P values reimagined, flaws and all—reply. JAMA
Surgery. 2019; 154(7):674-675. https://doi.org/10.1001/jamasurg.2019.0567 PMID: 30994914

Walter SD, Thabane L, Briel M. The fragility of trial results involves more than statistical significance
alone. Journal of Clinical Epidemiology. 2020; 124:34—41. https://doi.org/10.1016/}.jclinepi.2020.02.
011 PMID: 32298777

Bomze D, Meirson T. A critique of the fragility index. The Lancet Oncology. 2019; 20(10):e551. https://
doi.org/10.1016/S1470-2045(19)30582-0 PMID: 31578993

Desnoyers A, Nadler MB, Wilson BE, Amir E. A critique of the fragility index. The Lancet Oncology.
2019; 20(10):e552. https://doi.org/10.1016/S1470-2045(19)30583-2 PMID: 31578994

Machado T, Duarte GS, Gon,calves N, Ferreira JJ, Costa J. A critique of the fragility index. The Lancet
Oncology. 2019; 20(10):e553. https://doi.org/10.1016/S1470-2045(19)30581-9 PMID: 31578995

Johnson K. fragilityindex: Fragility Index. 2017. Available from: https://github.com/kippjohnson/
fragilityindex.

Linden A. metafrag: Stata Module to Compute the Fragility Index for Meta-Analysis. 2019. Available
from: https://EconPapers.repec.org/RePEc:boc:bocode:s458717.

PLOS ONE | https://doi.org/10.1371/journal.pone.0268754  June 1, 2022 35/38


https://doi.org/10.1016/j.ophtha.2017.11.015
https://doi.org/10.1016/j.ophtha.2017.11.015
http://www.ncbi.nlm.nih.gov/pubmed/29241744
https://doi.org/10.1016/S1470-2045(19)30338-9
https://doi.org/10.1016/S1470-2045(19)30338-9
http://www.ncbi.nlm.nih.gov/pubmed/31296490
https://doi.org/10.1001/jamasurg.2018.4318
http://www.ncbi.nlm.nih.gov/pubmed/30422256
https://doi.org/10.1002/ijgo.13020
https://doi.org/10.1002/ijgo.13020
http://www.ncbi.nlm.nih.gov/pubmed/31657456
https://doi.org/10.1038/nature25753
http://www.ncbi.nlm.nih.gov/pubmed/29517004
https://doi.org/10.1001/jamainternmed.2019.3013
https://doi.org/10.1001/jamainternmed.2019.3013
http://www.ncbi.nlm.nih.gov/pubmed/31355871
https://doi.org/10.1111/1468-0009.12210
https://doi.org/10.1111/1468-0009.12210
http://www.ncbi.nlm.nih.gov/pubmed/27620683
https://doi.org/10.1093/ije/dyx138
https://doi.org/10.1093/ije/dyx138
http://www.ncbi.nlm.nih.gov/pubmed/29040566
https://doi.org/10.1016/j.jclinepi.2019.11.015
https://doi.org/10.1016/j.jclinepi.2019.11.015
http://www.ncbi.nlm.nih.gov/pubmed/31783099
https://doi.org/10.1016/j.jclinepi.2018.01.003
https://doi.org/10.1016/j.jclinepi.2018.01.003
http://www.ncbi.nlm.nih.gov/pubmed/29339215
https://doi.org/10.1136/bmj.l5342
http://www.ncbi.nlm.nih.gov/pubmed/31597627
https://doi.org/10.1016/j.jclinepi.2019.03.012
http://www.ncbi.nlm.nih.gov/pubmed/30940600
https://doi.org/10.1016/j.jclinepi.2020.07.003
http://www.ncbi.nlm.nih.gov/pubmed/32659361
http://www.ncbi.nlm.nih.gov/pubmed/28417139
https://doi.org/10.1001/jamasurg.2019.0567
http://www.ncbi.nlm.nih.gov/pubmed/30994897
https://doi.org/10.1001/jamasurg.2019.0567
http://www.ncbi.nlm.nih.gov/pubmed/30994914
https://doi.org/10.1016/j.jclinepi.2020.02.011
https://doi.org/10.1016/j.jclinepi.2020.02.011
http://www.ncbi.nlm.nih.gov/pubmed/32298777
https://doi.org/10.1016/S1470-2045(19)30582-0
https://doi.org/10.1016/S1470-2045(19)30582-0
http://www.ncbi.nlm.nih.gov/pubmed/31578993
https://doi.org/10.1016/S1470-2045(19)30583-2
http://www.ncbi.nlm.nih.gov/pubmed/31578994
https://doi.org/10.1016/S1470-2045(19)30581-9
http://www.ncbi.nlm.nih.gov/pubmed/31578995
https://github.com/kippjohnson/fragilityindex
https://github.com/kippjohnson/fragilityindex
https://EconPapers.repec.org/RePEc:boc:bocode:s458717
https://doi.org/10.1371/journal.pone.0268754

PLOS ONE

Assessing and visualizing fragility of clinical results with binary outcomes

52,

53.
54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

Lin L, Chu H. fragility: Assessing and Visualizing Fragility of Clinical Results with Binary Outcomes.
2020. Available from: https://CRAN.R-project.org/package=fragility.

Agresti A. Categorical Data Analysis. 3rd ed. Hoboken, NJ: John Wiley & Sons; 2013.

Walter S. The estimation and interpretation of attributable risk in health research. Biometrics. 1976;
32(4):829-849. https://doi.org/10.2307/2529268 PMID: 1009228

Lin L. Factors that impact fragility index and their visualizations. Journal of Evaluation in Clinical Prac-
tice. 2021; 27(2):356—364. https://doi.org/10.1111/jep.13428 PMID: 32524768

Benjamin DJ, Berger JO, Johannesson M, Nosek BA, Wagenmakers EJ, Berk R, et al. Redefine statis-
tical significance. Nature Human Behaviour. 2018; 2(1):6—10. https://doi.org/10.1038/s41562-017-
0189-z PMID: 30980045

loannidis JPA. The proposal to lower P value thresholds t0.005. JAMA. 2018; 319(14):1429-1430.
https://doi.org/10.1001/jama.2018.1536 PMID: 29566133

Ahmed W, Fowler RA, McCredie VA. Does sample size matter when interpreting the fragility index?
Critical Care Medicine. 2016; 44(11):e1142—e1143. https://doi.org/10.1097/CCM.0000000000001976
PMID: 27755081

Smith TC, Spiegelhalter DJ, Thomas A. Bayesian approaches to random-effects meta-analysis: a
comparative study. Statistics in Medicine. 1995; 14(24):2685-2699. https://doi.org/10.1002/sim.
4780142408 PMID: 8619108

Warn DE, Thompson SG, Spiegelhalter DJ. Bayesian random effects meta-analysis of trials with
binary outcomes: methods for the absolute risk difference and relative risk scales. Statistics in Medi-
cine. 2002; 21(11):1601-1623. https://doi.org/10.1002/sim.1189 PMID: 12111922

Stiinen T, Hamza TH, Ozdemir P. Random effects meta-analysis of event outcome in the framework of
the generalized linear mixed model with applications in sparse data. Statistics in Medicine. 2010; 29
(29):3046—-3067. https://doi.org/10.1002/sim.4040 PMID: 20827667

ChuH, Nie L, Chen Y, Huang Y, Sun W. Bivariate random effects models for meta-analysis of compar-
ative studies with binary outcomes: methods for the absolute risk difference and relative risk. Statistical
Methods in Medical Research. 2012; 21(6):621-633. https://doi.org/10.1177/0962280210393712
PMID: 21177306

Jackson D, Law M, Stijnen T, Viechtbauer W, White IR. A comparison of seven random-effects models
for meta-analyses that estimate the summary odds ratio. Statistics in Medicine. 2018; 37(7):1059—
1085. https://doi.org/10.1002/sim.7588 PMID: 29315733

Borenstein M, Hedges LV, Higgins JPT, Rothstein HR. A basic introduction to fixed-effect and ran-
dom-effects models for meta-analysis. Research Synthesis Methods. 2010; 1(2):97-111. https:/doi.
org/10.1002/jrsm.12 PMID: 26061376

Riley RD, Higgins JPT, Deeks JJ. Interpretation of random effects meta-analyses. BMJ. 2011; 342:
d549. https://doi.org/10.1136/bmj.d549 PMID: 21310794

DerSimonian R, Laird N. Meta-analysis in clinical trials. Controlled Clinical Trials. 1986; 7(3):177—188.
https://doi.org/10.1016/0197-2456(86)90046-2 PMID: 3802833

Cornell JE, Mulrow CD, Localio R, Stack CB, Meibohm AR, Guallar E, et al. Random-effects meta-
analysis of inconsistent effects: a time for change. Annals of Internal Medicine. 2014; 160(4):267—270.
https://doi.org/10.7326/M13-2886 PMID: 24727843

Langan D, Higgins JPT, Jackson D, Bowden J, Veroniki AA, Kontopantelis E, et al. A comparison of
heterogeneity variance estimators in simulated random-effects meta-analyses. Research Synthesis
Methods. 2019; 10(1):83-98. https://doi.org/10.1002/jrsm.1316 PMID: 30067315

Hartung J, Knapp G. A refined method for the meta-analysis of controlled clinical trials with binary out-
come. Statistics in Medicine. 2001; 20(24):3875-3889. https://doi.org/10.1002/sim.1009 PMID:
11782040

Sidik K, Jonkman JN. A simple confidence interval for meta-analysis. Statistics in Medicine. 2002; 21
(21):3153-3159. hitps://doi.org/10.1002/sim.1262 PMID: 12375296

IntHout J, loannidis JPA, Borm GF. The Hartung-Knapp-Sidik-Jonkman method for random effects
meta-analysis is straightforward and considerably outperforms the standard DerSimonian-Laird
method. BMC Medical Research Methodology. 2014; 14(1):25. https://doi.org/10.1186/1471-2288-14-
25 PMID: 24548571

Lumley T. Network meta-analysis for indirect treatment comparisons. Statistics in Medicine. 2002;
21(16):2313—-2324. https://doi.org/10.1002/sim.1201 PMID: 12210616

Cipriani A, Higgins JPT, Geddes JR, Salanti G. Conceptual and technical challenges in network meta-
analysis. Annals of Internal Medicine. 2013; 159(2):130-137. https://doi.org/10.7326/0003-4819-159-
2-201307160-00008 PMID: 23856683

PLOS ONE | https://doi.org/10.1371/journal.pone.0268754  June 1, 2022 36/38


https://CRAN.R-project.org/package=fragility
https://doi.org/10.2307/2529268
http://www.ncbi.nlm.nih.gov/pubmed/1009228
https://doi.org/10.1111/jep.13428
http://www.ncbi.nlm.nih.gov/pubmed/32524768
https://doi.org/10.1038/s41562-017-0189-z
https://doi.org/10.1038/s41562-017-0189-z
http://www.ncbi.nlm.nih.gov/pubmed/30980045
https://doi.org/10.1001/jama.2018.1536
http://www.ncbi.nlm.nih.gov/pubmed/29566133
https://doi.org/10.1097/CCM.0000000000001976
http://www.ncbi.nlm.nih.gov/pubmed/27755081
https://doi.org/10.1002/sim.4780142408
https://doi.org/10.1002/sim.4780142408
http://www.ncbi.nlm.nih.gov/pubmed/8619108
https://doi.org/10.1002/sim.1189
http://www.ncbi.nlm.nih.gov/pubmed/12111922
https://doi.org/10.1002/sim.4040
http://www.ncbi.nlm.nih.gov/pubmed/20827667
https://doi.org/10.1177/0962280210393712
http://www.ncbi.nlm.nih.gov/pubmed/21177306
https://doi.org/10.1002/sim.7588
http://www.ncbi.nlm.nih.gov/pubmed/29315733
https://doi.org/10.1002/jrsm.12
https://doi.org/10.1002/jrsm.12
http://www.ncbi.nlm.nih.gov/pubmed/26061376
https://doi.org/10.1136/bmj.d549
http://www.ncbi.nlm.nih.gov/pubmed/21310794
https://doi.org/10.1016/0197-2456(86)90046-2
http://www.ncbi.nlm.nih.gov/pubmed/3802833
https://doi.org/10.7326/M13-2886
http://www.ncbi.nlm.nih.gov/pubmed/24727843
https://doi.org/10.1002/jrsm.1316
http://www.ncbi.nlm.nih.gov/pubmed/30067315
https://doi.org/10.1002/sim.1009
http://www.ncbi.nlm.nih.gov/pubmed/11782040
https://doi.org/10.1002/sim.1262
http://www.ncbi.nlm.nih.gov/pubmed/12375296
https://doi.org/10.1186/1471-2288-14-25
https://doi.org/10.1186/1471-2288-14-25
http://www.ncbi.nlm.nih.gov/pubmed/24548571
https://doi.org/10.1002/sim.1201
http://www.ncbi.nlm.nih.gov/pubmed/12210616
https://doi.org/10.7326/0003-4819-159-2-201307160-00008
https://doi.org/10.7326/0003-4819-159-2-201307160-00008
http://www.ncbi.nlm.nih.gov/pubmed/23856683
https://doi.org/10.1371/journal.pone.0268754

PLOS ONE

Assessing and visualizing fragility of clinical results with binary outcomes

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92,

93.

94.

95.

Higgins JPT, Welton NJ. Network meta-analysis: a norm for comparative effectiveness? The Lancet.
2015; 386(9994):628—-630.

Lin L, Chu H, Hodges JS. Sensitivity to excluding treatments in network meta-analysis. Epidemiology.
2016; 27(4):562-569. https://doi.org/10.1097/EDE.0000000000000482 PMID: 27007642

Riley RD, Jackson D, Salanti G, Burke DL, Price M, Kirkham J, et al. Multivariate and network meta-
analysis of multiple outcomes and multiple treatments: rationale, concepts, and examples. BMJ. 2017;
358:j3932. https://doi.org/10.1136/bmj.j3932 PMID: 28903924

Lin L, Xing A, Kofler MJ, Murad MH. Borrowing of strength from indirect evidence in 40 network meta-
analyses. Journal of Clinical Epidemiology. 2019; 106:41—49. https://doi.org/10.1016/j.jclinepi.2018.
10.007 PMID: 30342086

Lu G, Ades AE. Combination of direct and indirect evidence in mixed treatment comparisons. Statistics
in Medicine. 2004; 23(20):3105-3124. https://doi.org/10.1002/sim.1875 PMID: 15449338

Ricker G. Network meta-analysis, electrical networks and graph theory. Research Synthesis Meth-
ods. 2012; 3(4):312-324. https://doi.org/10.1002/jrsm.1058 PMID: 26053424

White IR, Barrett JK, Jackson D, Higgins JPT. Consistency and inconsistency in network meta-analy-
sis: model estimation using multivariate meta-regression. Research Synthesis Methods. 2012; 3
(2):111-125. https://doi.org/10.1002/jrsm.1045 PMID: 26062085

Dias S, Sutton AJ, Ades AE, Welton NJ. Evidence synthesis for decision making 2: a generalized linear
modeling framework for pairwise and network meta-analysis of randomized controlled trials. Medical
Decision Making. 2013; 33(5):607—617. https://doi.org/10.1177/0272989X 12458724 PMID: 23104435

Zhang J, Carlin BP, Neaton JD, Soon GG, Nie L, Kane R, et al. Network meta-analysis of randomized
clinical trials: reporting the proper summaries. Clinical Trials. 2014; 11(2):246—262. https://doi.org/10.
1177/1740774513498322 PMID: 24096635

Efthimiou O, Debray TPA, van Valkenhoef G, Trelle S, Panayidou K, Moons KGM, et al. GetReal in
network meta-analysis: a review of the methodology. Research Synthesis Methods. 2016; 7(3):236—
263. https://doi.org/10.1002/jrsm.1195 PMID: 26754852

Hong H, Chu H, Zhang J, Carlin BP. A Bayesian missing data framework for generalized multiple out-
come mixed treatment comparisons. Research Synthesis Methods. 2016; 7(1):6-22. https://doi.org/
10.1002/jrsm.1153 PMID: 26536149

Lin L, Zhang J, Hodges JS, Chu H. Performing arm-based network meta-analysis in R with the pcnet-
meta package. Journal of Statistical Software. 2017; 80(5):1-25. https://doi.org/10.18637/jss.v080.i05

Jackson D, Bujkiewicz S, Law M, Riley RD, White IR. A matrix-based method of moments for fitting
multivariate network meta-analysis models with multiple outcomes and random inconsistency effects.
Biometrics. 2018; 74(2):548-556. https://doi.org/10.1111/biom.12762 PMID: 28806485

White IR, Turner RM, Karahalios A, Salanti G. A comparison of arm-based and contrast-based models
for network meta-analysis. Statistics in Medicine. 2019; 38(27):5197-5213. https://doi.org/10.1002/
sim.8360 PMID: 31583750

Viechtbauer W. metafor: Meta-Analysis Package for R. 2020. Available https://CRAN.R-project.org/
package=metafor.

Ricker G, Krahn U, Kénig J, Efthimiou O, Schwarzer G. netmeta: Network Meta-Analysis using Fre-
quentist Methods. 2020. Available from: https://CRAN.R-project.org/package=netmeta.

Cipriani A, Furukawa TA, Salanti G, Chaimani A, Atkinson LZ, Ogawa Y, et al. Comparative efficacy
and acceptability of 21 antidepressant drugs for the acute treatment of adults with major depressive
disorder: a systematic review and network meta-analysis. The Lancet. 2018; 391(10128):1357—-1366.
https://doi.org/10.1016/S0140-6736(17)32802-7

Feinberg J, Nielsen EE, Korang SK, Halberg Engell K, Nielsen MS, Zhang K, et al. Nutrition support in
hospitalised adults at nutritional risk. Cochrane Database of Systematic Reviews. 2017; 5:Art. No.:
CD011598. https://doi.org/10.1002/14651858.CD011598.pub2 PMID: 28524930

Woods BS, Hawkins N, Scott DA. Network meta-analysis on the log-hazard scale, combining count
and hazard ratio statistics accounting for multi-arm trials: a tutorial. BMC Medical Research Methodol-
ogy. 2010; 10:54. https://doi.org/10.1186/1471-2288-10-54 PMID: 20537177

Lu G, Ades A. Assessing evidence inconsistency in mixed treatment comparisons. Journal of the
American Statistical Association. 2006; 101(474):447-459. https://doi.org/10.1198/
016214505000001302

Hasselblad V. Meta-analysis of multitreatment studies. Medical Decision Making. 1998; 18(1):37—43.
https://doi.org/10.1177/0272989X9801800110 PMID: 9456207

Viechtbauer W. Conducting meta-analyses in R with the metafor package. Journal of Statistical Soft-
ware. 2010; 36(3):1-48. https://doi.org/10.18637/jss.v036.i103

PLOS ONE | https://doi.org/10.1371/journal.pone.0268754  June 1, 2022 37/38


https://doi.org/10.1097/EDE.0000000000000482
http://www.ncbi.nlm.nih.gov/pubmed/27007642
https://doi.org/10.1136/bmj.j3932
http://www.ncbi.nlm.nih.gov/pubmed/28903924
https://doi.org/10.1016/j.jclinepi.2018.10.007
https://doi.org/10.1016/j.jclinepi.2018.10.007
http://www.ncbi.nlm.nih.gov/pubmed/30342086
https://doi.org/10.1002/sim.1875
http://www.ncbi.nlm.nih.gov/pubmed/15449338
https://doi.org/10.1002/jrsm.1058
http://www.ncbi.nlm.nih.gov/pubmed/26053424
https://doi.org/10.1002/jrsm.1045
http://www.ncbi.nlm.nih.gov/pubmed/26062085
https://doi.org/10.1177/0272989X12458724
http://www.ncbi.nlm.nih.gov/pubmed/23104435
https://doi.org/10.1177/1740774513498322
https://doi.org/10.1177/1740774513498322
http://www.ncbi.nlm.nih.gov/pubmed/24096635
https://doi.org/10.1002/jrsm.1195
http://www.ncbi.nlm.nih.gov/pubmed/26754852
https://doi.org/10.1002/jrsm.1153
https://doi.org/10.1002/jrsm.1153
http://www.ncbi.nlm.nih.gov/pubmed/26536149
https://doi.org/10.18637/jss.v080.i05
https://doi.org/10.1111/biom.12762
http://www.ncbi.nlm.nih.gov/pubmed/28806485
https://doi.org/10.1002/sim.8360
https://doi.org/10.1002/sim.8360
http://www.ncbi.nlm.nih.gov/pubmed/31583750
https://CRAN.R-project.org/package=metafor
https://CRAN.R-project.org/package=metafor
https://CRAN.R-project.org/package=netmeta
https://doi.org/10.1016/S0140-6736(17)32802-7
https://doi.org/10.1002/14651858.CD011598.pub2
http://www.ncbi.nlm.nih.gov/pubmed/28524930
https://doi.org/10.1186/1471-2288-10-54
http://www.ncbi.nlm.nih.gov/pubmed/20537177
https://doi.org/10.1198/016214505000001302
https://doi.org/10.1198/016214505000001302
https://doi.org/10.1177/0272989X9801800110
http://www.ncbi.nlm.nih.gov/pubmed/9456207
https://doi.org/10.18637/jss.v036.i03
https://doi.org/10.1371/journal.pone.0268754

PLOS ONE Assessing and visualizing fragility of clinical results with binary outcomes

96. Lemon J, Bolker B, Oom S, Klein E, Rowlingson B, Wickham H, et al. plotrix: Various Plotting Func-
tions. 2020. Available from: https://CRAN.R-project.org/package=plotrix.

97. Schwarzer G. meta: General Package for Meta-Analysis. 2020. Available from: https://CRAN.R-
project.org/package=meta.

98. van Valkenhoef G, Kuiper J. gemtc: Network Meta-Analysis Using Bayesian Methods. 2020. Available
from: https://CRAN.R-project.org/package=gemtc.

99. LinL, ZhangJ, Chu H. pcnetmeta: Patient-Centered Network Meta-Analysis. 2017. Available from:
https://CRAN.R-project.org/package=pcnetmeta.

100. Caldwell JME, Youssefzadeh K, Limpisvasti O. A method for calculating the fragility index of continu-

ous outcomes. Journal of Clinical Epidemiology. 2021; 136:20-25. https://doi.org/10.1016/j.jclinepi.
2021.02.023 PMID: 33684509

PLOS ONE | https://doi.org/10.1371/journal.pone.0268754  June 1, 2022 38/38


https://CRAN.R-project.org/package=plotrix
https://CRAN.R-project.org/package=meta
https://CRAN.R-project.org/package=meta
https://CRAN.R-project.org/package=gemtc
https://CRAN.R-project.org/package=pcnetmeta
https://doi.org/10.1016/j.jclinepi.2021.02.023
https://doi.org/10.1016/j.jclinepi.2021.02.023
http://www.ncbi.nlm.nih.gov/pubmed/33684509
https://doi.org/10.1371/journal.pone.0268754

