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Abstract
Diagnostic test accuracy studies frequently report on sensitivities and speciﬁcities for more
than one threshold of the diagnostic test under study. Although it is obvious that the
information from all thresholds should be used for a meta-analysis, in practice frequently
only a single pair of sensitivity and speciﬁcity is selected. To overcome this disadvantage,
we recently proposed a statistical model for the meta-analysis of such full receiver operating
characteristic (ROC) curves that uses the relationship between a ROC curve and a bivariate
model for interval-censored data. In this model, diagnostic tests values reported by the single
studies were assumed to follow a parametric distribution. We propose a generalization of
this model that allows for a ﬂexible semiparametric modelling of the underlying distribution
of the diagnostic test values by using the idea of piecewise constant hazard modelling. We
show the results of a simulation study that indicates that the approach works reasonable in
practice. Finally, we illustrate the model by the example of population-based screening for
type 2 diabetes mellitus.
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Introduction

Diagnostic test accuracy studies frequently report on sensitivities and speciﬁcities for several
diﬀerent thresholds of the diagnostic test under study. Although it is obvious that the
information and observations from all thresholds should be used for a meta-analysis [1, 2],
in practice only a single pair of sensitivity and speciﬁcity is frequently selected, a practice
which is also not discouraged by Cochrane [3].
a
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However, methods for the meta-analysis of full receiver operating characteristic (ROC)
curves have already been proposed [4, 5, 6, 7, 8, 9, 10, 11, 12, 13], but we noted in previous
work [14] that all of them come with at least one disadvantage. For example, some models
require that the number of thresholds has to be identical across all studies, some ignore
the concrete values of the given thresholds, others use standard inverse-variance two-step
approaches where estimation uncertainty from the ﬁrst step is ignored in the second step.
In response to these disadvantages we introduced a model [14] that uses the relationship
between a ROC curve and a bivariate time-to-event model for interval-censored data. In
this model, diagnostic test values were assumed to follow a parametric distribution, such as
Weibull, log-normal or log-logistic. But as already noted in the discussion of that previous
paper, a still better ﬁt may be achieved using more irregular distributions with a minimal
number of parametric assumptions.
The objective of this article is to show how the well-known idea of piecewise constant
hazards, which dates back at least to Holford [15], can be used to ﬁt very ﬂexible distributions
of diagnostic test values in the meta-analysis of full ROC curves.
To this task, we ﬁrst introduce an example data set in Section 2 which will be used
for illustrating the new approach. Afterwards in Section 3, we proceed by presenting the
statistical methods and a small simulation study in Section 4 which is used to evaluate the
piecewise constant model in contrast to the bivariate time-to-event model [14]. In Section 5
we give the results for the motivating example data set and conclude with a critical discussion
of the piecewise constant model.

2

Data set

To illustrate our new model, we use a data set from diabetes research which is based on two
existing systematic reviews [16, 17]. Both systematic reviews report on glycated haemoglobin
A1c (HbA1c , measured in %) for the population-based screening of type 2 diabetes mellitus.
Contrary to alternative diagnostic procedures as fasting plasma glucose (FPG) or the oral
glucose tolerance test (OGTT) which are based on plasma glucose measurements, HbA1c
has some additional advantages as there is, for example, no need for fasting. Furthermore,
measuring HbA1c leads to more reliable results which is due to less biologic variability and
less pre-analytic instability [18]. The current threshold for diagnosing type 2 diabetes is 6.5
as recommended by the American Diabetes Association (ADA) [19] and the World Health
Organization (WHO) [20]. Such threshold values are of considerable relevance as they determine the number of diseased persons and the corresponding health care costs.
For both systematic reviews, only one HbA1c threshold per included single study was
selected although most studies report on several of them. Moreover, the authors did not
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perform any kind of meta-analysis to get summary estimates for sensitivity, speciﬁcity or
a summary ROC (SROC) curve. As a consequence, we screened all single studies again
and reconstructed the contingency tables for each reported HbA1c threshold. This ﬁnally
led to 38 included studies which reported 124 pairs of sensitivity and speciﬁcity from 26
diﬀerent thresholds. A standard analysis selecting only one threshold per study as presented
in [16, 17] would therefore discard more than 70% of all available observations.
The complete data set was also used in our previous publication where it is given as
Supplementary Web Material [14]. Additionally, the data set is available on request from
the authors.

3

Methods

In the following, we ﬁrst give a brief introduction to our previously proposed approach for the
meta-analysis of ROC curves which uses a bivariate time-to-event model for interval-censored
data [14]. Afterwards, we present our new piecewise constant approach for modelling SROC
curves.

3.1

Meta-analysis of full ROC curves based on interval-censored
data

The starting point of our previously proposed approach was the fundamental insight that
summary receiver operating characteristic (SROC) curves can be estimated using a bivariate
time-to-event model for interval-censored data [14]. To be concrete, we ﬁrst note that diagnostic test values can be considered as interval-censored. This is because each study reports
on a complete contingency table with the numbers of true positive (TP), true negative (TN),
false positive (FP) and false negative (FN) tested participants for each given threshold. As
we do not have individual participant data available but only aggregated data, we do not
know the exact diagnostic test value of each study participant. We only have information on
the number of participants with diagnostic test values that lie above or below a pre-speciﬁed
diagnostic threshold. Therefore, we are able to construct intervals, where the lower and upper bounds are deﬁned by the diagnostic thresholds, which include the diagnostic test values
of the participants, but we only know the numbers of diagnostic test values between the two
bounds and not their exact values. Based on this assumption, we proposed to model the
log-transformed diagnostic test values in the population of diseased and non-diseased using
three kinds of distributions (exemplarily illustrated for the population of diseased D+ ):
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• the Weibull distribution with density
ϕ
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• the log-normal distribution with density
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• the log-logistic distribution with density

√
π exp(−π[log(yD+ ) − µD+ ]/( 3ϕD+ ))
√
√
f (yD+ ; µD+ , ϕD+ ) =
,
yD+ 3ϕD+ (1 + exp(−π[log(yD+ ) − µD+ ]/( 3ϕD+ )))2

(3)

where µD+ and ϕD+ represents location and scale parameters, respectively, and yD+
the diagnostic test values in the population of diseased.
In the framework of time-to-event models, the events of interest are being test-positive
or test-negative in the population of diseased and non-diseased, respectively. Furthermore,
the diagnostic test values yD+ and yD− are treated as the ”time variable”, meaning the event
probabilities sensitivity and speciﬁcity are decreasing or increasing with rising diagnostic test
values. Finally, the outcome is log-transformed which leads to an accelerated failure time
(AFT) model, going along with the advantage of a uniﬁed linear predictor where a random
eﬀect can be added.
The ﬁnal model is speciﬁed as follows:
log(yD− ) = bD− + ϵD− + uiD− ,

(4)

log(yD+ ) = bD+ + ϵD+ + uiD+ ,
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where yD+ and yD− are the diagnostic test values in the population of diseased and nondiseased, respectively. uiD+ and uiD− are the study-speciﬁc (indexed by i, i ∈ 1, . . . , N )
2
2
random eﬀects with their corresponding variances σD
+ and σD − and correlation parameter ρ
which are used to model potential across study correlations. Furthermore, bD+ and bD− are
the location parameters after log-transforming yD+ and yD− and therefore transformations
of the original location and scale parameters µD+ , ϕD+ , µD− and ϕD− of the Weibull, lognormal and log-logistic distribution. Moreover, νD+ and νD− denote the corresponding scale
parameter after the log-transformation. For example, in the population of diseased, we get
[14]
with
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• for the Weibull distribution: bD+ = log(µD+ ) and νD+ = 1/ϕD+ ,
• for the log-normal distribution: bD+ = µD+ and νD+ = ϕD+ , and
• for the log-logistic distribution: bD+ = −ϕD+ log(µD+ ) and νD+ = 1/ϕD+ .
ϵD+ and ϵD− denote the error terms and determine the residual distributions after logtransforming the diagnostic test values yD+ and yD− . These are the Gumbel, normal and
logistic distribution that correspond to the Weibull, log-normal and log-logistic distribution,
respectively.
Finally, the corresponding survival functions are used to predict the sensitivities and
speciﬁcities at various thresholds.

3.2

The piecewise constant model

As a ﬂexible alternative to the bivariate time-to-event model introduced in Section 3.1,
we propose to use a semiparametric piecewise constant model for interval-censored data to
estimate SROC curves. There is plenty room for discussion if the piecewise constant model is
truly a ”semiparametric” model. We are aware of descriptions of this model as ”parametric”,
”weakly parametric” ”quasi-semiparametric”, ”semiparametric”, or ”nonparametric”, but
decided to follow Ibrahim et al. [24] to use the term ”semiparametric” in the work reported
here. For a more comprehensive introduction to piecewise constant models we refer to
[21, 22, 23].
Let T denote the diagnostic test value which is interval-censored as we do not know the
exact test value of a participant but only the interval I = (L, R] in which it lies. L is the last
threshold prior to R where the event (being test positive) is absent. If a participant has no
event, i.e. is never tested positive, L is the last threshold which denotes the absence of the
disease and R is set to be missing. In case of our piecewise constant model, we partition the
continuous diagnostic test values into J intervals with thresholds 0 = τ0 < τ1 < ... < τJ = ∞,
where J is the number of diﬀerent thresholds across all single studies included in the metaanalysis. The j-th interval is deﬁned as (τj−1 , τj ]. As piecewise constant models are in
general deﬁned in terms of hazards, we assume that the baseline hazard in the population
of non-diseased is constant within each interval:
λD− (t) = λjD−

for t in (τj−1 , τj ].

(7)

That means, the baseline hazard λjD− (t) is modelled using J parameters λ1 , ..., λJ .
Analogously to (7), a piecewise constant baseline hazard for the population of diseased
can be assumed. Both piecewise constant modelled baseline hazards could then be linked
by a bivariate random eﬀect to model potential heterogeneities. However, we propose to use
5

a univariate approach based on a proportional hazards model [25] to limit the number of
parameters that have to be estimated.
In terms of the proportional hazards model, we assume the baseline hazard to be piecewise
constant, leading to the model:
λij (t) = λjD− (t) exp(xTi β),

(8)

where λij (t) is the hazard of individual (study) i in interval j and λjD− (t) is the piecewise
constant baseline hazard for interval j. The cumulative hazard function is then deﬁned as
[21]
J
∑
(9)
Λi (t) =
λjD− (t) exp(xTi β) max(0, min(τj − τj−1 , t − τj−1 )),
j=1

and the survival function can be written as
Si (t) = exp(−Λi (t)).
The log likelihood function corresponding to the model can be formulated as
n
∑
l=
k(δi (log(Si (L) − Si (R))) + (1 − δi )(log(Si (L)))),

(10)

(11)

i=1

where δi denotes the censoring indicator for study i which is 1 for subjects with events that
are interval censored and 0 in case of right-censored data. To account for the diﬀerent study
and group (within study) sizes, we additionally include k as the number of events in the
population of diseased and non-diseased, respectively.
As we assume the baseline hazard in the population of non-diseased to be piecewise
constant, the population of diseased participants is modelled by simply including a binary
covariate xD which is 1 in case the considered disease is present and 0 when the disease is
absent. Additionally, we add a univariate random eﬀect to model potential heterogeneities.
The ﬁnal model can be written as
λij (t) = λjD− (t) exp(βD xD + ui )

(12)

with ui ∼ N (0, σu2 ).

4

Simulation study

To compare the performance of the piecewise constant model to our previously proposed
approach for the meta-analysis of full ROC curves [14], we conducted a simulation study.
This approach was chosen as competitor because it compensates the disadvantages of other
models and is also based on interval-censored data. The complete simulation program was
written in SAS 9.3 (SAS Institute Inc., Cary, NC, USA).
6

4.1

Setting

In order to mirror realistic parameter constellations, we varied our model parameters according to the systematic reviews on diabetes screening [16, 17]. As true models for data
generation we used the Weibull and the log-logistic model because univariate Weibull models
fulﬁl the proportional hazard assumption whereas univariate log-logistic models correspond
to a proportional odds model [26]. As diagnostic test values have to be simulated for the
population of diseased as well as for the non-diseased, we chose true parameter values for the
Weibull distribution to guarantee proportional hazards between both groups. In line with
[14] we varied the true parameters of both models in order to achieve true areas under the
curve (AUC) of 65% and 85%. Additionally, we varied the correlation between the random
eﬀects (0, 0.28 or 0.85) which illustrates the absence as well as moderate and strong potential
heterogeneity across studies.
Table 1 shows the true values for the sensitivity and speciﬁcities for the simulation study.
PLACE TABLE 1 APPROXIMATELY HERE

4.2

Data generation

After varying and combining our model parameters, we get in total 24 diﬀerent scenarios.
For each of them, 1.000 meta-analyses were simulated. Analogous to [14], the number of
studies per meta-analysis was drawn from a uniform distribution, varying between 10 and
30. Also the number of participants per study follows a uniform distribution, ranging from
30 to 300. Furthermore, the number of thresholds per study was generated from a uniform
distribution between 1 and 4 while rounding to the nearest integer. Depending on the number
of thresholds, the actual threshold values were simulated as given in [14] and also in Table
2.
PLACE TABLE 2 APPROXIMATELY HERE
To ﬁnally generate the numbers of diseased and non-diseased, a prevalence was drawn
from a uniform distribution, ranging from 0.3 to 0.5.
To arrive at diagnostic test values for each study participant, these values were randomly
drawn from the true underlying distribution, i.e. the Weibull or log-logistic distribution.
The algorithm which is used to generate these numbers from the Weibull and log-logistic
distribution is presented by Hoyer et al. [14]. To be concrete, a bivariate random eﬀect with
predeﬁned values for σD+ , σD− and ρ according to Equation (6) was ﬁrst generated. With
regard to Equation (4) and (5), the generated random eﬀect was added to bD− and bD+ .
Together with predeﬁned values for νD− and νD+ , we got Gumbel and logistic distributed
7

diagnostic test values on the log-sale. Back-transforming these values to the original scale
yielded the diagnostic test values of each participant. Finally, the simulated diagnostic
test value of each participant was compared to the previously deﬁned threshold to declare
whether people were tested true positive or true negative. Based upon this, the complete
contingency tables for each study and each threshold could be determined.

4.3

Estimation methods

For each simulated meta-analysis, we used the Weibull, log-logistic and the piecewise constant model to estimate SROC curves. For all of them, we used PROC NLMIXED for
parameter estimation and Gaussian quadrature with its default options to enable a fair comparison between the diﬀerent approaches. The number of pieces and their concrete values
for the piecewise constant model was chosen to be equal to the number of diﬀerent thresholds per meta-analysis. That means, we are not restricted to set the number of pieces to
a ﬁxed value for all simulated meta-analysis but using instead a ﬂexible number. Starting values for the bivariate time-to-event models were obtained as described in [14] using
PROC LIFEREG. To be concrete, we ﬁtted two univariate models in PROC LIFEREG to
achieve starting values for the ﬁxed eﬀects parameters bD− , bD+ , νD− and νD+ . Furthermore,
starting values for the random eﬀects parameters σD− , σD+ and ρ were calculated as raw
estimates from the two univariate ﬁts. In order to identify starting values for each of the
pieces, we ﬁtted a univariate Weibull model for interval-censored data using PROC LIFEREG including a binary covariate indicating the disease status. We used the estimated
Weibull shape and scale parameters, µw and νwd , where d denotes the disease status, to
−µw
µw −1
calculate the Weibull hazard rate hw using hwm = νwd
µw tm
where tm are the diﬀerent
threshold values per meta-analysis. To avoid specifying a BOUNDS statement, we ﬁrst logtransformed the hwm which were back-transformed in PROC NLMIXED, that is, we used
log(hwm ) as starting values for the pieces. To obtain starting values for βD we transformed
the estimated regression coeﬃcient for the binary covariate βw from PROC LIFEREG using
log(HR) = βD = −βw ∗ kw , thus using the relation between the AFT and the proportional
hazard interpretation of parameters from the Weibull model. As the the random eﬀect variance σu2 corresponds to the variability of the log(HR) = βD between the single studies, we
ﬁtted univariate Weibull models for each study again using PROC LIFEREG. Afterwards,
we used PROC MEANS to calculate the variance of these log(HR) as starting value for σu2 .
It has to be noted that ﬁtting an univariate Weibull model per study did not work in many
cases which is due to non-convergence. In this case, we decided to set the starting value for
the random eﬀect variance σu2 to the ﬁxed value of 0.5 which can be seen as a conservative
choice.
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4.4

Results

In the following paragraphs, we give a brief overview of the results of our simulation study,
focussing on the estimated sensitivities and speciﬁcities at various thresholds. The scenarios
with a true AUC of 0.85 and a true correlation of ρ = 0.28 are exemplarily presented in Tables
3 and 4. The remaining results are given as Supplementary Web Material. Additionally,
Table 5 shows the complete simulation results addressing numerical robustness.
Bias All parametric time-to-event models perform best when the estimated model is also
the true underlying model. As expected, the piecewise constant model performs worse compared to the parametric models in terms of bias in case the true underlying parametric
distribution is known. However, when the Weibull model which is also a proportional hazard model serves as true underlying model, the piecewise constant model performs slightly
better compared to scenarios where data are generated from the log-logistic model. This is
to be expected because the piecewise constant model also requires a proportional hazard assumption which is not fulﬁlled when the log-logistic approach as proportional odds model is
the true model. Especially for the highest evaluated threshold of 7.0, a large bias of the piecewise constant model is observed. In general, sensitivity is overestimated for lower thresholds
and underestimated for higher thresholds (speciﬁcity vice versa). In particular, estimates
for lower thresholds from the piecewise constant model are less biased and only worse than
the respective true underlying parametric model. There is also no clear dependence on the
correlation structure visible.
PLACE TABLE 3 APPROXIMATELY HERE
Empirical coverage In terms of empirical coverage (to the 95% level), the respective
results from the piecewise constant model are in most cases below 95%. In line with the
results concerning bias, the parametric models perform best and almost always better than
the piecewise constant model in case the true underlying distribution coincide with the
estimated model. The performance of the piecewise constant model is even worse when
the proportional hazards assumption is violated, i.e. in case data were generated from the
log-logistic model. Again, no relation between coverage and correlation structure is visible.
The lowest coverages of the piecewise constant model are observed for lower thresholds. A
possible reason may be small estimated variances, resulting in narrow conﬁdence intervals
as it was also described in [14]. In contrast to the parametric models, the coverage of the
piecewise constant model is not decreasing with rising thresholds.
PLACE TABLE 4 APPROXIMATELY HERE
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Convergence To address the numerical performance of the diﬀerent models, we report on
the number of converged simulation runs (with a maximum of 1,000). These numbers are
satisfying for all models as in every setting more than 900 converged runs are reached. As
the piecewise constant model is more complex than the parametric models (which is due to
a higher number of estimated parameters), its performance is in some scenarios inferior to
the Weibull and log-logistic model.
PLACE TABLE 5 APPROXIMATELY HERE
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Example

To illustrate the practical applicability of the piecewise constant model, we use the data set
introduced in Section 2. As this data set reports on 26 diﬀerent HbA1c thresholds, we also
used 26 pieces which are deﬁned by them. To compare our new model to existing ones, we
included the results of our previous proposed approach [14]. The complete numerical results
for various thresholds are given in Table 6. Figure 1 displays the estimated SROC curves
of the piecewise constant model and the parametric time-to-event models. Moreover, the
underlying ROC curves of the single studies are included as lightgrey lines and dots. The
SROC curve of the piecewise constant model lies below the SROC curve of the log-logistic
model, but agrees well with the SROC curve of the Weibull model. While the estimated
speciﬁcities of the piecewise constant model suit well with the parametric time-to-event
models with slightly larger diﬀerences for the lowest threshold, there are more discrepancies
between the estimated sensitivities at moderate thresholds. For example, at a threshold of
6.0 the piecewise constant model estimates a sensitivity of 56% compared to sensitivities of
nearly 60% using the parametric time-to-event models.
At an HbA1c value of 6.5 which is the current threshold for diagnosing type 2 diabetes
recommended by the ADA [19] and WHO [20], the piecewise constant model leads to a
sensitivity of 33.7% and a speciﬁcity of 98.5%. This corresponds to a Youden index of
0.322. In line with the results presented in [14], we found that 5.9 is the threshold with
the maximum Youden index of 0.461 meaning that the optimal HbA1c threshold should be
chosen equal to 5.9 instead of 6.5, at least if one is willing to give equal weights to sensitivity
and speciﬁcity.
To calculate the AUC and its 95% conﬁdence interval, we used the trapezoidal rule and
a nonparametric bootstrap approach. For the piecewise constant model, we estimated an
AUC of 78.8% [75.6%; 81.8%] which is slightly lower compared to the AUC of the log-logistic
model (83.7% [77.0%; 90.3%]), but in line with the AUC of the Weibull model (76.3% [72.4%;
84.1%]).
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The SAS code used to ﬁt the piecewise constant model for this example can be found in
the Supporting Web Materials.
PLACE TABLE 6 APPROXIMATELY HERE
PLACE FIGURE 1 APPROXIMATELY HERE
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Discussion

In this article, we proposed a novel model for the meta-analysis of ROC curves that incorporates all observations and information from the single studies. Contrary to existing
approaches that also use these information [4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14], we suggest the
usage of a semiparametric piecewise constant model which does not require the parametric speciﬁcation of underlying distributions, but estimates this distribution explicitly from
the data. As such, it avoids prespecifying parametric distributions for the diagnostic test
values as in most cases no medical rationale for such a choice is given. As we propose to
use all reported diﬀerent threshold values for deﬁning the pieces, the model accounts for
all given diagnostic thresholds and returns the corresponding estimated meta-sensitivities
and meta-speciﬁcities for displaying a full summary ROC curve. Of course, it also possible
to set the number of pieces to a predeﬁned value which could be lower than the number
of diﬀerent thresholds. However, this leads to reduced ﬂexibility as the estimated SROC
curve is evaluated at less thresholds. Assuming a proportional hazard within each piece for
the diseased and non-diseased participants, only a single random eﬀect is required to model
potential heterogeneity and correlations between sensitivity and speciﬁcity across studies.
It is important to note that estimating only a single semiparametric hazard does not imply
that only data from the non-diseased group is used.
In line with the quadrivariate meta regression approach proposed by Hoyer and Kuss
[13], the piecewise constant model can also be used to compare the SROC curves of two (or
more) diﬀerent diagnostic tests. Moreover, it is also possible to include other covariates to
compare diagnostic accuracy studies in a meta-regressive sense. Similar to our parametric
time-to-event model for interval-censored data [14], the piecewise constant model can also be
used if individual participant data, that is data for each participant with the exact observed
diagnostic test value, are available.
In summary, our model compensates for the disadvantages of existing approaches and,
moreover, does not need speciﬁcations of the underlying distributions of the diagnostic test
values in the population of diseased and non-diseased. This can be seen as an additional
advantage over our previously proposed parametric model [14].
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In a small simulation study we showed that in case distributions of diagnostic test values
in the population of diseased and non-diseased are known, parametric approaches perform
better and should be the models of choice, but the piecewise constant model might be a
valid alternative, especially when nothing is known about the possible distribution of the
diagnostic test values, e.g. for irregular mixture distributions. However, in our simulation
with only mild deviations from the parametric assumptions, the models using parametric
distributions were robust enough.
Of course, our model comes with some disadvantages. Although the piecewise constant
approach is of a semiparametric nature, there is still a proportional hazard assumption
required. This might be a restriction for real data sets where this assumption is not fulﬁlled.
However, in our simulation study we observed moderate biased estimates when the input
data were not generated from a proportional hazards model. As an potential alternative
that avoids the explicit assumption of proportional hazards, it would be possible to estimate
two separate piecewise constant hazard functions, one for the group of non-diseased and
one for the group of diseased participants. Unless one restricts the numbers of pieces this
would essentially double the number of parameters which comes with the risk of convergence
problems. Moreover, we are not able to give a model selection criteria for comparing our
model to the parametric time-to-event model for interval-censored data [14] which is due
to diﬀerent likelihood functions. But of course it is possible to compare piecewise constant
models using a diﬀerent number of pieces in terms of AIC and BIC to each other.
For future work we plan to assess versions of the semiparametric piecewise constant model
that do not need a proportional hazard assumption, but model separate piecewise constant
hazards for the groups of diseased and non-diseased, linking them by a bivariate random
eﬀect.
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Figure 1: Estimated summary ROC curves of the piecewise-constant and the time-to-event
models. Light grey solid lines and dots depict the estimated sensitivities, speciﬁcities and
ROC curves of the single studies
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Table 1: True sensitivities and speciﬁcities used for the simulation study. True values for
the Weibull, log-normal and log-logistic model were also presented in [14]
Model

Threshold

Sensitivity
(AUC = 0.65)

Sensitivity
(AUC = 0.85)

Specificity

Weibull

5.0
5.5
6.0
6.5
7.0

93%
74%
36%
4%
0%

98%
92%
75%
41%
7%

14%
45%
88%
100%
100%

Log-logistic

5.0
5.5
6.0
6.5
7.0

95%
75%
35%
10%
2%

99%
95%
76%
39%
12%

12%
48%
84%
96%
100%

Table 2: Generated thresholds per study according to [14]
Number of thresholds
1
2
3
4

Simulated distribution
U(6.0,
U(5.6,
U(5.4,
U(5.3,

6.5)
6.0), U(6.4, 6.8)
5.8), U(6.1, 6.5), U(6.7, 7.1)
5.7), U(5.8, 6.2), U(6.3, 6.7), U(6.8, 7.2)
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Table 3: Bias (in percentage points): sensitivity (sens) and speciﬁcity (spec)
True model/
AUC/

Estimated model
Threshold

Correlation

Piecewise constant

Weibull

Log-logistic

Sens

Spec

Sens

Spec

Sens

Spec

Weibull/
0.85/0.28

5.0
5.5
6.0
6.5
7.0

-1.3
-3.6
-5.8
-0.3
21.7

2.0
1.9
-3.5
-1.2
-12.7

-0.1
-0.5
-1.0
-0.5
1.4

0.4
0.5
-0.7
-0.2
0.0

1.1
1.6
-2.6
-4.9
4.3

-4.8
5.8
1.9
-1.5
-0.3

Log-logistic/
0.85/0.28

5.0
5.5
6.0
6.5
7.0

-2.8
-9.0
-9.3
2.6
21.8

1.1
-3.5
-5.8
-0.2
-14.2

-2.1
-4.0
-1.0
6.9
2.1

11.9
1.8
-4.6
0.3
0.8

-0.1
-0.6
-1.0
0.6
1.0

0.6
0.2
-0.4
-0.2
0.0

Table 4: Empirical coverage (in %): sensitivity (sens) and speciﬁcity (spec)
True model/
AUC/

Estimated model
Threshold

Correlation

Piecewise constant

Weibull

Log-logistic

Sens

Spec

Sens

Spec

Sens

Spec

Weibull/
0.85/0.28

5.0
5.5
6.0
6.5
7.0

78.0
61.1
67.3
75.8
53.1

83.0
74.3
76.5
92.4
76.7

93.6
93.8
93.6
92.9
86.5

93.5
92.9
90.4
81.7
100

34.2
77.9
94.2
85.9
92.1

58.6
90.5
80.8
63.7
58.3

Log-logistic/
0.85/0.28

5.0
5.5
6.0
6.5
7.0

40.8
11.1
49.6
75.0
55.1

70.0
69.7
77.7
80.9
30.4

46.6
79.1
90.8
88.1
93.0

16.7
85.5
87.6
88.4
7.6

93.4
92.2
91.7
92.2
92.7

93.2
92.9
93.1
92.7
92.0
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Table 5: Number of converged runs
Estimated model
Piecewise constant

Weibull

Log-logistic

True model/
Correlation

AUC
0.65

AUC
0.85

AUC
0.65

AUC
0.85

AUC
0.65

AUC
0.85

Weibull/0.00
Weibull/0.28
Weibull/0.85

920
907
904

944
938
927

998
998
988

1000
999
992

971
990
965

988
991
985

Log-logistic/0.00
Log-logistic/0.28
Log-logistic/0.85

986
985
990

990
988
984

994
993
983

990
998
987

995
998
986

996
997
991

Table 6: Results from the diﬀerent models for the diabetes data set
Estimated model
Threshold

5.0
5.5
6.0
6.5
7.0

Piecewise constant

Weibull

Log-logistic

Sens
[95%-CI]

Spec
[95%-CI]

Sens
[95%-CI]

Spec
[95%-CI]

Sens
[95%-CI]

Spec
[95%-CI]

97.2
[96.5; 97.8]
82.6
[78.8; 86.3]
56.0
[48.3; 63.7]
33.7
[25.0; 42.5]
23.6
[15.1; 32.1]

10.4
[8.1; 12.9]
52.2
[43.8; 60.5]
89.3
83.6; 94.9]
98.5
[97.0; 100]
99.6
[99.1; 100]

89.5
[85.6; 93.3]
78.1
[70.8; 85.4]
59.9
[48.5; 71.3]
36.8
[23.0; 50.5]
15.5
[4.6; 26.5 ]

27.9
[14.5; 41.3]
58.5
[37.8; 79.3]
88.6
[74.6; 100]
99.3
[97.4; 100]
100
[100;100]

97.5
[95.9; 99.0]
87.7
[80.9; 94.4]
60.3
[45.5; 75.1]
26.9
[14.7; 39.1]
9.0
[3.9; 14.1]

8.9
[5.3; 12.5]
52.2
[41.2; 63.2]
90.8
[87.2; 94.5]
98.7
[98.1; 99.3]
99.8
[99.7; 99.9]
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