
R E S E A R CH AR T I C L E

A semiparametric approach for meta-analysis of diagnostic
accuracy studies with multiple cut-offs

Cornelia Frömke1 | Mathia Kirstein1 | Antonia Zapf2

1Department of Information and
Communication, Faculty for Media,
Information and Design, University of
Applied Sciences and Arts Hannover,
Hannover, Germany
2Department of Medical Biometry and
Epidemiology, University Medical Center
Hamburg-Eppendorf, Hamburg, Germany

Correspondence
Cornelia Frömke, Department of
Information and Communication, Faculty
for Media, Information and Design,
University of Applied Sciences and Arts
Hannover, Hannover, Germany.
Email: cornelia.froemke@hs-hannover.de

Abstract

The accuracy of a diagnostic test is often expressed using a pair of measures:

sensitivity (proportion of test positives among all individuals with target condition)

and specificity (proportion of test negatives among all individuals without target

condition). If the outcome of a diagnostic test is binary, results from different stud-

ies can easily be summarized in a meta-analysis. However, if the diagnostic test is

based on a discrete or continuous measure (e.g., a biomarker), several cut-offs

within one study as well as among different studies are published. Instead of tak-

ing all information of the cut-offs into account in the meta-analysis, a single cut-

off per study is often selected arbitrarily for the analysis, even though there are

statistical methods for the incorporation of several cut-offs. For these methods, dis-

tributional assumptions have to be met and/or the models may not converge

when specific data structures occur. We propose a semiparametric approach to

overcome both problems. Our simulation study shows that the diagnostic accu-

racy is under-estimated, although this underestimation in sensitivity and specific-

ity is relatively small. The comparative approach of Steinhauser et al. is better in

terms of coverage probability, but may lead to convergence problems. In addition

to the simulation results, we illustrate the application of the semiparametric

approach using a published meta-analysis for a diagnostic test differentiating

between bacterial and viral meningitis in children.
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Highlights

What is already known?
• In recent years, various approaches for the meta-analysis of diagnostic accu-

racy studies with multiple cut-off values have been proposed.
• However, these approaches require certain assumptions regarding the

underlying distribution as well as the correlation structure and may have
convergence problems.
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What is new?
• A semiparametric approach is proposed for the meta-analysis of diagnostic

accuracy studies with multiple cut-off values.
• The statistical properties of the semiparametric approach are investigated

and compared with an alternative approach

Potential impact for RSM readers?
• The semiparametric is conservative and underestimates sensitivity and spec-

ificity slightly.
• The coverage probability is below the nominal level.
• In contrast to iterative approaches, the approach yields always estimators.

1 | INTRODUCTION

The aim of diagnostic accuracy studies is to survey the
accuracy of a new diagnostic test differentiating among
individuals suffering from the disease of interest
(or general denoted as “with target condition”) and indi-
viduals without the disease (general “without target
condition”). Therefore, two primary endpoints are of
interest: (I) sensitivity, being the proportion of test posi-
tives among all individuals with target condition and
(II) specificity, being the proportion of test negatives
among all individuals without target condition. If the
outcome of the diagnostic test is dichotomous, the esti-
mation of sensitivity and specificity results in a 2 � 2
table and in a calculation of percentages.

According to the center for evidence–based medi-
cine (CEBM) levels of evidence,1 it is not sufficient to
test sensitivity and specificity in a single study. It is
necessary to investigate the diagnostic test in several
studies and to combine the results of these individual
studies with a meta-analysis in a systematic review. In
contrast to therapeutic studies which commonly focus
on one primary endpoint, diagnostic accuracy studies
are interested in the co-primary endpoints sensitivity
and specificity.2 In an individual study at a specific cut-
off, sensitivity and specificity are independent because
they are estimated in different populations. However,
beyond the studies and cut-offs within a single study,
sensitivity and specificity are correlated, and a meta-
analysis should model this correlation if possible.3

Cochrane recommends two methods for meta-analyses:
the bivariate logistic random-effects model and the
hierarchical summary receiver operating characteristic
(HSROC) model.4,5 In addition, various alternative
approaches with their respective strengths and weak-
nesses can be found in the literature.6–8

However, the requirements for a diagnostic meta-
analysis may become even more complex. The outcome
of the diagnostic test may be a clinical score or a

biomarker measured on a discrete or continuous scale. In
this case, the choice of a specific cut-off value discrimi-
nating between “test positive” or “test negative” deter-
mines sensitivity and specificity. In such a case, results
for sensitivity and specificity may be presented for mul-
tiple test values, that is, cut-offs can vary both within
one study and between individual studies. Here, the
bivariate logistic regression model as well as the
HSROC model are of limited use: The bivariate model
is only recommended for binary tests or when different
studies report similar cut-offs. The HSROC model is
appropriate for continuous diagnostic tests when the
cut-offs of the individual studies vary, but it does
not consider multiple cut-offs within individual studies
or even full ROC curves, respectively.4,9 In the last
years, several authors proposed approaches for the
meta-analysis of full ROC curves. Hoyer et al. (2018)
point out limitations of such methods, such as the
requirement of equal cut-offs among the studies or
the impossibility to handle extreme values of sensitivity
and specificity if the approach does not incorporate a
continuity correction.10 They propose a bivariate time-
to-event model for interval-censored data for the analy-
sis of full ROC curves as an alternative.10 However,
this approach may suffer from convergence problems.
Further approaches have been published recently.11,12

In the context of a data challenge, the semiparametric
approach presented here has already been compared
with three current approaches for a concrete examplary
meta-analysis.13 The characteristics of all four approaches
were also compared regarding requirements, procedures,
results, and specific advantages.

Here, we will present the semiparametric method for
a meta-analysis of diagnostic accuracy studies consider-
ing the correlation structure of the two criteria as well as
the multiple cut-offs within and among the individual
studies. In a simulation study and for an examplary
meta-analysis, we will compare the results with those of
an alternative approach.

FRÖMKE ET AL. 613
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2 | METHODS

In this section, we introduce the semiparametric
approach for meta-analysis of diagnostic accuracy
studies with multiple cut-offs. This approach is an
extension of the nonparametric analysis of diagnostic
studies with repeated measures as proposed by Werner
and Brunner (2007).14 For details regarding the
methods, we refer to the overview article by Brunner
and Zapf (2014).15

Thus, in a study s¼ 1,…,N we observe wsi diagnostic
test results Xsik from individuals k¼ 1,…,wsi without tar-
get condition (i¼ 0Þ and or with target condition i¼ 1ð Þ.
Summarizing the number of individuals with or without
target condition of all studies results in w:0 ¼

PN
s¼1ws0

individuals without target condition and w:1 ¼
PN

s¼1ws1

individuals with target condition and a total sample size
of w:: ¼w:0þw:1.

The estimation of the area under the curve (AUC),
sensitivity, specificity and their corresponding confidence
intervals require global as well as local ranked data. It
should be noted that the estimators do not take the corre-
lation structure among the individuals within one study
into account. The global ranks include all observations
from the N studies and both conditions and are
denoted by

Rsik ¼ rank Xsikð Þ:

Local ranks correspond to the ranked observations from
all individuals with condition i from the N studies and we
denote them by asymptotic equivalence theorem R ið Þ

sik .
The AUC is equal to the relative effect

p¼ P Xs0k <Xs1kð Þþ1
2
P Xs0k ¼Xs1kð Þ,

which can be estimated by

bp¼ 1
2
þ 1
w::

R:1:�R:0:
� �

: ð1Þ

Here, R:i: denotes the mean of the global ranks for
condition i:

R:i: ¼ 1
wi:

XN

s¼1

Xwis

k¼1

Rsik:

Note that the meta-analysis estimator of the AUC is
equal to the common estimator for single diagnostic

accuracy studies with multiple observations per
individual.14,15

Konietschke and Brunner (2009) showed that by
means of the asymptotic equivalence theoremffiffiffiffi
N

p
bp�pð Þ~N 0,σ2ð Þ holds.16 Based on this theorem, an

asymptotic range exceeding confidence interval for the
AUC is given as

bp� z1�α=2 �
ffiffiffiffiffi

bσ2

N

s

,

with the variance

bσ2 ¼ N2

N�1
1

w:0 �w:1

� �2XN

s¼1

Ds1:�Ds0:

0

@

� ws1

w:1
D:1�ws0

w:0
D:0

� �
1

A

2

,

where Dsik is the difference of the global and the local
rank Rsik�R ið Þ

sik, Dsi: ¼
Pwsi

k¼1Dsik and D:i ¼
PN

s¼1Dsi::
14

This variance estimator bσ2 takes the correlation structure
among the individuals within one study into account.
Since it is known that for small sample sizes the confi-
dence interval with the t-approximation has better statis-
tical properties, we use the 1�α=2ð Þ-quantile of the
t-distribution with df ¼N�1 degrees of freedom,
such that

bp� tdf ,1�α=2 �
ffiffiffiffiffi

bσ2

N

s

: ð2Þ

We can define sensitivity and specificity in the same
way as the AUC using pseudo samples at a specific cut-
off.17 For example, to estimate the sensitivity, we replace
the observations of the individuals without target condi-
tion Xs0k by a one-point distribution at the chosen cut-
off γ:

Γ xð Þ¼
0, x < γ
1
2
, x¼ γ

1, x > γ

8
>><

>>:
: ð3Þ

Afterwards, we rank the observations and estimate
the sensitivity with Equation (1) and the corresponding
confidence interval Equation (2). Likewise, replacing the
observations of the individuals with target condition by a
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one-point distribution results in the estimator of the
specificity.

This nonparametric approach requires individual
patient data. Unfortunately, authors of diagnostic accu-
racy studies often only present aggregated information,
that is, sensitivity and specificity for selected cut-offs.
Therefore, individual fictitious data needs to be generated
based on distributional assumptions of the test results as
well as the following information: We know the number
of individuals with or without target condition less or
greater than the study-specific cut-offs γsm with m¼
1,…, ts for each study s,. The cut-offs of one individual
study are ordered, such that γs1 <…< γsts . The simplest
fictitious data generation here would consist in one-point
distributions for the respective areas. However, the
obtained results were not satisfactory (see online
appendix S1). But unlike the generation of pseudo data in
Equation (3) to estimate the AUC, for the fictitious indi-
vidual data to perform the meta-analysis, we are not lim-
ited to the one-point distribution to generate pseudo data
and we use the uniform distribution in the following.
This data generation also requires a minimum of model
specifications. Between the cut-offs γsm and γs mþ1ð Þ the
fictitious data are generated following a uniform distribu-
tion. Below the first cut-off value, the data are drawn uni-
formly distributed from the interval from the smallest
cut-off value used in the whole meta-analysis and the
smallest study-specific cut-off value, and correspondingly,
above the last cut-off value, the data are drawn uniformly
distributed from the interval from the largest study-
specific cut-off value to the largest cut-off value used in
the whole meta-analysis.

3 | MOTIVATING EXAMPLE

To illustrate the semiparametric method, we use data
from a meta-analysis summarizing study results to differ-
entiate between bacterial and viral meningitis in children.18

As bacterial meningitis in children is life-threatening, a
rapid diagnosis is of utmost importance to increase the
survival rate. The correct therapy depends on the type of
disease-causing agent, which can be bacterial or viral.
The gold standard to differentiate between a viral and a
bacterial infection are invasive methods such as lumbar
puncture and cerebrospinal fluid analysis. Several studies
investigated procalcitonin (PCT) as a new biomarker
replacing the common markers of bacterial infection.
Basically, the serum level of the peptide PCT increases in
the course of a bacterial infection, but not in the course
of viral infection. Hence, the accuracy of the diagnosis of
bacterial infection depends on the chosen cut-off in
serum PCT level: levels larger than the cut-off indicate a

bacterial infection (with target condition) whereas lower
levels indicate a viral one (without target condition).18

Table 1 lists the results from the individual studies for all
available cut-offs as reported by Henry et al. (2016).18 We
found discrepancies in the study of Dubos et al. (2006)19

and extracted the study results from the original paper.
Henry et al. (2016)18 included only the results for one
cut-off per study in the meta-analysis; the corresponding
rows are in boldface in Table 1.

4 | SIMULATION STUDY

In this section, we present results from a simulation
study investigating the performance of the semipara-
metric approach. First of all, performance was measured
by the AUC to assess the overall diagnostic accuracy.
However, as the single statistic can describe different
ROC curves, we investigated sensitivity and specificity for
a set of cut-off values as well.

Following the recommendations of Burton et al.
(2006),20 we report the percentage bias, the mean squared
error (MSE) as well as the empirical coverage probability
for the AUC, sensitivity, and specificity to evaluate the
statistical properties.

4.1 | Settings and data generation

We have chosen a baseline scenario motivated by the
study of Henry et al. (2016)18 and varied the individual
parameters. In the exemplary meta-analysis, there were
eight studies and the individual studies included between
30 and 200 patients with an average prevalence of 35%
and between one and seven reported cut-off values.

The simulations for the baseline scenario consist of
the following three steps.

• In a first step, we generated data and cut-offs for each
individual study. Corresponding to the exemplary
meta-analysis, we generated data for eight studies. In
the individual studies, prevalence is binomially distrib-
uted with p = 0.35 and the number of patients is
drawn uniformly distributed from the interval (30;
200). The data were then drawn from a multivariate
normal distribution MVN μ,Σð Þ with Σ as covariance
matrix with correlation equal to 0.6 and variance equal
to 1 and with expectation 0 for the individuals without
and Φ�1 AUCð Þ ffiffiffi

2
p

for the individuals with target con-
dition for the pre-specified AUC = 0.85 (using the R
package mvtnorm21). Given this AUC of 0.85, seven
different cut-off values are set per study such that
either the sensitivity is 70%, 80%, or 95%, or the

FRÖMKE ET AL. 615
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specificity is 70%, 80%, or 95%, or the Youden value is
maximal. From this pool of seven cut-off values, a ran-
dom selection is then used, where the number of cut-
off values is uniformly distributed from the interval
(1; 7).

• In a second step, we calculated the corresponding
entries of the fourfold tables (as these entries for the
individual cut-offs are commonly the only information
present for a meta-analysis).

• In the third step we finally applied our semiparametric
approach including generation of uniformly distrib-
uted fictitious data as described above and estimation
of the AUC, sensitivity, and specificity of the meta-
analysis with corresponding confidence intervals.

Starting from the baseline scenario, the parameters
were varied individually, resulting in 31 further scenarios
(see Table 2).

• Table 2-To put the properties of our approach in per-
spective, we added the approach of Steinhauser et al.
(2016) as a method of comparison, using the R package
diagmeta (version 0.5–0).11,22 We chose the CIDS
model and logistic distribution as recommended and
set log. cutoff to FALSE. For the confidence interval
for the AUC, we chose the option that this is calculated

based on the confidence region for the specificity given
the sensitivity.

We simulated 1000 meta-analyses for each scenario.
The simulation program was written in R 3.6.123 and the
semiparametric approach was computed with the pack-
age diagnostic 0.4.424 (see supplementary material). The
simulation study is based on the thesis of Kirstein
(2019).25

4.2 | Simulation results

All simulation results are given in tables in the online
appendix S1. For the baseline scenario, we see that the
semiparametric approach leads to a larger relative bias in
terms of underestimation for AUC and sensitivity than
the approach of Steinhauser et al. (�4% and �2% versus
�1% and �0.2%, respectively). In contrast, for specificity,
the approach of Steinhauser leads to a larger bias in
terms of overestimation (+2%), whereas the semipara-
metric approach continues to underestimate (�1%). The
MSE is comparable for both approaches, the coverage for
the semiparametric approach is clearly below the tar-
geted 95% with 56%–78%. The approach of Steinhauser
et al. leads to a slight too low coverage probability for the

TABLE 1 Results from the individual studies as reported from Henry et al. (2016)18 and Dubos et al. (2006)19

Study
number Study identifier Design

Cases (n) with
bacterial infection

Cases (n) with
viral infection Cut-off (ng/ml) TP (n) FN (n) TN (n) FP (n)

1 Alkohli et al (2011) Prospective 20 20 2 20 0 13 7

1 Alkohli et al (2011) Prospective 20 20 10 18 2 17 3

2 Dubos et al (2006) Retrospective 21 146 0.2 21 0 45 101

2 Dubos et al (2006) Retrospective 21 146 0.5 19 2 130 16

3 Dubos et al (2008) Retrospective 96 102 0.5 95 1 85 17

4 Gendrel et al (1998) Prospective 23 51 0.2 23 0 51 0

4 Gendrel et al (1998) Prospective 23 51 0.5 22 1 51 0

5 Ibrahim et al (2011) Prospective 18 20 0.5 17 1 19 1

6 Liu et al (2006) Prospective 18 23 0.445 18 0 20 3

6 Liu et al (2006) Prospective 18 23 0.5 18 0 21 2

6 Liu et al (2006) Prospective 18 23 1.05 18 0 21 2

6 Liu et al (2006) Prospective 18 23 2 17 1 21 2

6 Liu et al (2006) Prospective 18 23 4.06 16 2 22 1

6 Liu et al (2006) Prospective 18 23 4.83 14 4 22 1

6 Liu et al (2006) Prospective 18 23 8.395 14 4 23 0

7 Mayah et al (2013) Prospective 26 32 3.3 23 3 28 4

8 Onal et al (2008) Prospective 16 13 0.5 15 1 13 0

Note: Numbers in bold are the results used in Henry et al. (2016).19

Abbreviations: FN, false negatives; FP, false positives; TN, true negatives; TP, true positives.

616 FRÖMKE ET AL.
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AUC with 90, while for sensitivity and specificity the cov-
erage probability is the targeted 95%.

These results are mirrored across all scenarios. Note
that one scenario (sensitivity = 95%, specificity = 43%)
results in such a strong bias for the semiparametric
approach (�42%) that it would make the graphical repre-
sentation difficult to read - therefore, we have left this
scenario in the table in the appendix S1, but excluded it
in the figures.

In Figure 1, one can see that the semiparametric
approach underestimates the diagnostic accuracy almost
always, whereas the approach of Steinhauser et al. over-
estimates specificity almost always. While for the AUC
the bias of the semiparametric approach is relatively large
with predominantly �4% to �5%, it amounts to about

�2% for sensitivity and only between �1% and �2% for
specificity. The same behavior of increasing point esti-
mates is also seen with the Steinhauser et al. approach,
on a smaller scale: for the AUC an underestimation of
about 1%, for sensitivity virtually no bias, and for specific-
ity an overestimation.

The mean squared error is correspondingly larger
for the semiparametric approach than for the Stein-
hauser et al. approach, with the difference being larg-
est for AUC and relatively small for sensitivity (see
Figure 2).

Accordingly, the coverage probability for the Stein-
hauser approach is somewhat low for the AUC but very
good for sensitivity and specificity, whereas it is clearly
too low for the semiparametric approach (median cover-
age for AUC, sensitivity, and specificity: semiparametric
52%, 78%, 79%; Steinhauser et al. 90%, 94%, 95%, see
Figure 3).

Looking at the results of the semiparametric approach
when varying the parameters, it is noticeable that there
are no substantial changes in the bias and MSE for the
AUC, but the coverage probability is particularly low
with large sample sizes, which is due to the narrower
confidence intervals. Conversely, the highest coverage
probability is obtained with small sample sizes, few stud-
ies and low prevalences due to the resulting wide confi-
dence intervals.

Regarding the bias, it is noticeable that for sensitivity
the bias is largest for a high AUC (and relatively low sen-
sitivity) and small sample size, and smallest for a high
sensitivity and large sample size. Correspondingly, for
specificity, the bias is largest at a high sensitivity (and
thus low specificity) and smallest at a low prevalence and
thus larger number of individuals without a target
condition.

TABLE 2 Variations of the individual parameters in the

simulation study

Parameter
Baseline
scenario Variations

Number of studies 8 4, 15

Minimum and
maximum number of
individuals per study

(30; 200) (30; 500), (30; 700),
(100; 200), (100; 500),
(100; 700), (30; 700),
(30; 30), (100; 100),
(200; 200); (500; 500)

Correlation between
studies

0.6 0.3, 0.4, 0.5, 0.7, 0.8, 0.9

Pre-specified AUC 0.85 0.9, 0.95

Pre-specified sensitivity 0.8 0.85, 0.9, 0.95

Prevalence 0.35 0.15, 0.2, 0.25, 0.3, 0.4,
0.45, 0.5

Abbreviation: AUC, area under the curve.

FIGURE 1 Percentage bias for the

semiparametric and the Steinhauser

approach in 30 tested scenarios. Panels are

divided by AUC, sensitivity, and specificity.

AUC, area under the curve

FRÖMKE ET AL. 617
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While no large effects can be observed for sensitivity
and specificity in the MSE, the correlation between the
studies is a notable additional modifier in the coverage
probability, with a low-correlation leading to a higher
coverage probability.

The approach of Steinhauser et al. does not converge
in four scenarios in up to 1% of the simulation runs: in
case of low prevalence of 15%, extreme sample sizes (wis

fixed at 30 or between 30 and 700) and few studies
(N ¼ 4), whereas the semiparametric approach always
yields results.

5 | NUMERICAL EXAMPLE

To estimate pooled sensitivities and specificities, Henry
et al. (2016) applied a random-effects model. However,
no details are provided about the model specification and

method used. Further, they computed the summary ROC
(SROC) curve and estimated the AUC. The authors pre-
sented an AUC of 0.97 for the eight studies. Unfortu-
nately, the authors did not consider the varying cut-offs
among and within the individual studies. Instead, they
selected one cut-off for each study resulting in estimators
based on cut-offs of 0.2 ng/ml (1 study), 0.5 ng/ml (5 stud-
ies), 2 ng/ml (1 study), and 3.3 ng/ml (1 study) and thus
discarded study results from 9 out of 17 cut-offs (52.9%).
For a subgroup of five studies with the common cut-off of
0.5 ng/ml, the pooled sensitivity was 0.97 (95% confi-
dence interval [CI] = 0.93–0.99) and the pooled specific-
ity was 0.88 (95% CI = 0.84–0.92).

With the semiparametric approach as well as with the
approach of Steinhauser et al., we can take into account
all 17 cut-offs. Compared to the reported AUC of 0.97,
Steinhauser's approach yielded a similar result with
AUC = 0.964, whereas the semiparametric approach

FIGURE 2 Mean squared error (MSE)

for the semiparametric and the Steinhauser

approach in 30 tested scenarios. Panels are

divided by AUC, sensitivity, and specificity.

AUC, area under the curve

FIGURE 3 Coverage probability for the

semiparametric and the Steinhauser

approach in 30 tested scenarios. Panels are

divided by AUC, sensitivity, and specificity.

AUC, area under the curve

618 FRÖMKE ET AL.
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estimated the AUC lower with 0.918 (95% CI = 0.869–
0.966). The approach of Steinhauser et al. gives two con-
fidence intervals for the AUC, based on the confidence
region of the sensitivity given the specificity and vice
versa. In this example, the estimators and 95% confi-
dence intervals are 0.965 (0.378–0.998) for sensitivity
given specificity and 0.965 (0.217–0.996) for specificity
given sensitivity. Thus, the confidence intervals are very
broad.

The differences in the AUC are also clearly reflected in
the SROC curves in Figure 4. The SROC curve of the
approach of Steinhauser et al. lies above the SROC curve
of the semiparametric approach (both with thick lines). In
addition, the ROC curves of the individual studies are plot-
ted (the studies with a sample size below 100 in light gray
and the two studies by Dubos with a sample size of close
to 200 in dark gray). It seems that the results of the semi-
parametric approach are more strongly influenced by the
large studies than those of Steinhauser et al. (2016).

In Table 3 we present in addition the estimated sensi-
tivity and specificity with their corresponding 95% confi-
dence intervals for the mentioned cut-off of 0.5 ng/ml. The
differences fit the different SROC curves.

6 | DISCUSSION

In this article, we presented a semiparametric approach
for meta-analyses of diagnostic accuracy studies with
multiple cut-offs. In the literature, the pragmatic
approaches of using only one cut-off per study (as in the
example study) or performing individual meta-analyses
for the individual cut-offs is often applied in this situa-
tion. However, these approaches lead to a loss of infor-
mation and are not reasonable or not possible at all if the
cut-offs are very different. In contrast, the semipara-
metric approach can take all information into account
and provide a summary ROC curve with corresponding
area under the curve and pairs of sensitivity and specific-
ity for individual cut-offs. We investigated the statistical
properties in a simulation study and compared it with
the approach of Steinhauser et al. (2016). In terms of rela-
tive bias, the semiparametric approach is inferior to that
of Steinhauser et al. for AUC and sensitivity, but superior
for specificity. However, the underestimation of the semi-
parametric approach in sensitivity and specificity is rela-
tively small, ranging from 1 to approximately 2%.
Regarding coverage probability, the semiparametric
approach is inferior to Steinhauser et al. While the semi-
parametric approach always yields results, this is not the
case for the approach of Steinhauser et al. in extreme
scenarios.

The approach of Steinhauser et al. yields two confi-
dence intervals for the AUC, one based on the confidence
region for sensitivity given the specificity and vice versa.
However, in the example study the confidence intervals
were very broad. Furthermore, the results of the example
study may indicate that the semiparametric approach is
more reflective of the large studies.

The strength of the paper is that a real-world meta-
analysis was chosen as the starting point, and from here,
different parameters were varied in the simulation study.
Thus, the approach is evaluated under realistic condi-
tions. Furthermore, the comparison with the approach of
Steinhauser et al. allows an assessment of the results. A
weakness of the work is that not all parameter variations
were combined and also some settings, such as skewed
distributions and between-study heterogeneity, were not
taken into account. Furthermore, only one alternative
approach was used for comparison. Reasons for this are
the existing implementation of the approach of Steinhau-
ser et al. in R and that an even more extensive simulation
study would go beyond the scope of this article.

The available approaches which can consider multi-
ple and varying cut-offs have different prerequisites,
enable the output of different results, and have specific
advantages (cf. Table 4 in Zapf et al., 2021). The main
advantage of the semiparametric approach is that it is not

FIGURE 4 ROC curves from the meningitis study. The black

curve refers to the meta-analysis results (Steinhauser = dashed,

semiparametric = solid) and the gray curves refer to the results

from the individual studies (light gray sample sizes below 100, dark

gray between 100 and 200). ROC, receiver operating characteristic

TABLE 3 Sensitivity and specificity with corresponding 95%-

confidence intervals for the meta-analysis of meningitis diagnostic

accuracy studies

Approach Sensitivity (95% CI) Specificity (95% CI)

Henry et al. 0.97 (0.93; 0.99) 0.88 (0.84; 0.92)

Semiparametric 0.97 (0.943; 0.998) 0.80 (0.604; 0.993)

Steinhauser et al. 0.95 (0.838; 0.986) 0.87 (0.741; 0.938)
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an iterative procedure and therefore always produces
results. Since the semiparametric approach underesti-
mates diagnostic accuracy and is thus a conservative pro-
cedure, an option would also be to use this approach as a
fallback option if the primary approach does not con-
verge. It should, however, be considered, that fictitious
data has to be generated. In this article we present results
based on uniform distributed data and provide results
based on single point distributed data in the appendix S1.
The differences are substantial and we would recom-
mend the uniform distribution for generating fictitious
data. The statistical properties are better and the sROC
curve is very well interpretable. The use of the single
point distribution is not recommended from our point
of view, even if it is easier from a programming point of
view. Whether other distributions show even better
properties would have to be checked. However, then
again more assumptions would be needed and the goal
was to remain as far as possible assumption-free. From
our point of view, the decision how to generate the ficti-
tious data has to be made in any case before starting the
data analysis in order not to compromise the validity of
the study.

So far, there is no systematic comparison of the differ-
ent approaches, but this work is a first step.

Another approach that can be used comes from Riley
and colleagues who consider the situation of different cut-
off values as a meta-analysis with missing data and pro-
poses an imputation of these missing cut-off values.26–28 In
doing so, they assume that the logit sensitivity and speci-
ficity follow a multivariate-normal distribution.

Currently, a large simulation study is being conducted
to systematically compare the four approaches used in the
data challenge. If possible, the imputation approach of Riley
and colleagues should also be included. Among other
things, skewed data will be generated, between-study het-
erogeneity will be represented, and all parameter variations
will be combined. This will also be an opportunity to investi-
gate whether the dependence on study size that has been
suggested here can be confirmed. If so, and if this is not
deemed reasonable, a possible adaptation of the semipara-
metric approach would be the unweighted variance estima-
tion of the accuracy measures (see Brunner and Zapf, 2014).
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