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Summary 
Objective: To assess the time-dependent ac-
curacy of a continuous longitudinal biomarker 
used as a test for early diagnosis or prognosis. 
Methods: A method for accuracy assessment 
is proposed taking into account the marker 
measurement time and the delay between 
marker measurement and outcome. It dealt 
with markers having interval-censored meas -
urements and a detection threshold. The 
threshold crossing times were assessed by a 
Bayesian method. A numerical study was con-
ducted to test the procedures that were later 
applied to PCR measurements for prediction 
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of cytomegalovirus disease after renal trans-
plantation. 
Results: The Bayesian method corrected the 
bias induced by interval-censored measure-
ments on sensitivity estimates, with correc-
tions from 0.07 to 0.3. In the application to cy-
tomegalovirus disease, the Bayesian method 
estimated the area under the ROC curve to be 
over 75% during the first 20 days after graft 
and within five days between marker 
measurement and disease onset. However, 
the accuracy decreased quickly as that delay 
increased and late after graft. 
Conclusions: The proposed Bayesian method 
is easy to implement for assessing the time-
dependent accuracy of a longitudinal bio -
marker and gives unbiased results under 
some conditions. 

1. Introduction 
Today, disease diagnosis is made not only on 
traditional clinical observations, but also on 
laboratory results; for example, fluorescence 
polarization, a measure of cellular func-
tionality, is used to make the diagnosis of 
breast cancer [1]. Methods have been devel-
oped to use those results as diagnostic tests 
and to compare their accuracies [2–4]. Mo-

lecular biology has also contributed to the 
improvement of early diagnosis or prognosis 
of diseases. Recent research fields, as in ge-
nomics or proteomics, led to the develop -
ment of numerous biomarkers for early diag-
nosis or prognosis [5, 6]. During patient fol-
low-up, it became frequent to collect repeated 
measurements of a quantitative biomarker 
such as the CA19-9 antigen in screening for 
recurrence of colorectal cancer [7]. The prog-

nostic value of such longitudinal clinical 
biomarkers has to be carefully assessed and 
analyzed [8, 9]. For a clinician, a biomarker is 
useful if it has a good discriminant accuracy 
and if its test becomes positive early enough 
to allow an efficient reaction between marker 
measurement and the disease clinical mani-
festation. Thus, the progression of a bio -
marker’s accuracy along the delay from 
marker measurement and disease onset is of 
major interest. A marker load may also vary 
along the time elapsed since inclusion of a pa-
tient into a study regardless of the progres-
sion toward disease. Consequently, accuracy 
analyses should take into account both the 
marker measurement time and the delay 
 between marker measurement and disease 
onset. 

When a marker is measured with the dis-
ease present, it is conventional to use a ROC 
curve to summarize the accuracy of continu-
ous or ordinal tests [9–12]. That curve dis-
plays the relationship between sensitivity 
(true-positive rate) and 1-specificity (false-
positive rate) across all possible threshold 
values set for that test. The test accuracy is 
then measured by the area under the ROC 
curve (AUC). This area, comprised between 0 
and 1, may be interpreted as the probability 
that the diagnostic test result in a diseased 
subject exceeds that result in a non-diseased 
one (for a complete review of classical diag-
nostic methods, see Pepe [3] and Zhou et al. 
[13]). 

Recently, several methods have been pro-
posed to assess the time-dependent accuracy 
of a biomarker when the measurements are 
repeated before disease onset [14–20]. A first 
approach consists in modeling semi-para-
metrically the time-dependent sensitivity and 
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specificity or the ROC curve itself [16, 17]; 
the model's validity may be checked with 
methods proposed by Cai and Zheng [21]. A 
second approach models survival conditional 
on the marker values [18–20]. A third ap-
proach models the marker distribution con-
ditional on the disease status [14, 15]. In each 
of the previous models, effects related to 
marker measurement time and to the delay 
between marker measurement and outcome 
are introduced. In their comprehensive and 
very instructive review on the subject, Pepe et 
al. [22] recommended sensitivity be assessed 
on events that occur exactly t days after 
marker measurement (incident sensitivity) 
and not over a delay following the measure-
ment (cumulative sensitivity). Also, they 
 recommended specificity be evaluated in 
subjects with follow-up long enough to be 
considered as subjects who will not develop 
the disease (static specificity). Five out of the 
six above-mentioned methods [14–18, 20] 
use this definition of time-dependent accu-
racy. However, those methods require sophis-
ticated models that are not currently available 
in standard statistical softwares. 

Considering those facts, we developed a 
simple method to assess the time-dependent 
accuracy of a longitudinal biomarker using a 
Bayesian approach. In agreement with the 
recommendations of Pepe et al., that method 
takes into account interval-censored meas -
urements and, possibly, biomarkers with a 
detection threshold.  

The first section of the present article de-
scribes the method. Numerical studies were 
conducted in order to compare the results 
 obtained with and without consideration of 
the sparse nature of the measurements. The 
method is also illustrated by an analysis of 
data stemming from a clinical study where 
patients were screened by PCR measurements 
to predict cytomegalovirus (CMV) disease 
after renal transplantation. 

2. Methods 

2.1 Time-dependent Accuracy 
Definition 

Heagerthy and Zheng [23] have proposed sev-
eral ways to integrate time into ROC analysis 
according to how “cases” and “controls” are de-
fined. As recommended by Pepe et al. [22], the 

incident sensitivity definition was used here 
[23]: cases correspond to patients who develop 
the disease exactly t time units after marker 
measurement. Thus, for a t time units delay 
 between marker measurement and outcome, 
sensitivity is estimated with measurements 
taken exactly t time units before the outcome. 
Sensitivity is assessed at different delays t to 
 assess its progression along the delay from 
marker measurement to outcome. In this ar-
ticle, a positive test is defined as a marker value 
higher than or equal to a certain threshold 
(though equal or lower values may be else-
where considered). If Yi  (s) denotes a measure-
ment relative to patient i at time s since his in-
clusion into the study, and Ti the event onset 
time, the incident sensitivity for a delay t be-
tween marker measurement and outcome and 
for a threshold c may be formalized as: 
 
Sensitivity (c, t) = P [Yi  (s) ≥  c | Ti – s = t  ] 
 
The progression of sensitivity along t reflects 
the test ability of early prediction of the out-
come. 

Controls are defined as subjects who do 
not develop the disease τ days after inclusion 
into the study, τ being a fixed delay, long 
enough to consider as controls patients who 
will probably never develop the disease. Spe-
cificity is estimated using measurements in 
those patients, which leads to static specificity 
estimates. A possible progression of speci -
ficity after inclusion may be taken into ac-
count by estimating specificity using, in the 
controls, the measurements taken at different 
periods after inclusion. For each subject of 
the control group, the highest measurement 
obtained during the period [sj , sj + 1] is kept, 
sj and sj + 1 denoting successive times since 
 inclusion. The definition of specificity may be 
formalized as: 
 
Specificity (c, τ, sj  , sj + 1) = 
 

 

2.2 Time-dependent Accuracy 
 Estimation 

Estimating incident sensitivity requires that a 
marker measurement be taken exactly t days 
before the onset of the disease in each subject 
who developed that disease, which is not the 

case in most studies. A first method, called the 
crude method, consists in using for each cases 
the last value obtained before Ti – t  , intro -
ducing a bias because the delay between 
marker measurement and Ti – t might vary 
widely from one patient to another. 

Because of measurements sparsity, a 
marker threshold value is often crossed 
 between two dates; this leads to “interval-
 censored data” [24]. For example, for each 
couple of measurements, the crude method 
supposes that the marker value was Yi at time 
ti and Yj at time tj    , whereas Yj was actually 
reached and crossed during interval ]ti   ; tj]. 
Biomarkers with a detection threshold raise 
similar issues. All that can be known is that 
the biomarker has crossed the detection 
threshold between two dates.  

 One way to deal with interval-censored 
measurements is to estimate the exact thresh-
old crossing times using a Bayesian method 
with non-informative priors and assuming 
that, for a given threshold, the crossing times 
of all patients who crossed it follow a Weibull 
distribution. The Weibull distribution was 
chosen because it is commonly used to model 
times to event, in particular failure times, but 
other positive distributions can be used if ap-
propriate. The moment at which each ob-
served marker value is crossed by each patient 
can be estimated. Unlike the crude method, 
that Bayesian method uses all the informa-
tion contained in interval-censored data or 
measurements below a detection threshold. 
Then, in patients who develop the disease, the 
most recent threshold value crossed at Ti – t is 
used as a diagnostic test for ROC analysis. In 
patients who do not develop the disease, the 
diagnostic test used is the highest threshold 
value crossed between sj and sj + 1 obtained 
using the Bayesian method. 

3. Simulation Study 

3.1 Numerical Studies 

Numerical studies were carried out to com-
pare the results obtained with the crude 
method to those obtained with the Bayesian 
method. Let us consider 200 subjects who 
 developed a given disease at time Ti  , and 100 
subjects who did not develop that disease. 
Marker measurements were considered 
throughout a follow-up duration that did not 
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exceed 30 days. High marker values were con-
sidered indicative of disease onset. The way 
data were simulated is described in �Appen-
dix 1. The biomarker predictive ability was as-
sessed by the crude and the Bayesian method. 
Sensitivity was estimated at t = 2, 4, and 6 days 
before the outcome. Specificity was estimated 
only during the period [0, 10[ days after in-
clusion because, in controls, there was no 
trend for change of biomarker values over 
time. One hundred simulations were per-
formed. The means obtained for the 100 areas 
under the ROC curve and for sensitivities at 
four threshold values (1, 2, 3, and 4) were 
compared to the theoretical time-dependent 
area under the ROC curve and sensitivity as-
sessed according to the process of generation 
of the biomarker values (�Table 1). 

3.2 Results 

Except for the delay of six days and the thresh-
old value 4, the Bayesian method led to higher 
sensitivities with differences ranging between 
0.02 and 0.33. The standard errors were 
roughly of the same order of magnitude with 
the two methods. The comparisons with the 
theoretical results showed that, except for the 
delay of six days and the threshold value 4, the 
crude method clearly underestimated the test 
sensitivity and that the use of the Bayesian 
method corrected this underestimation. Be-
sides, except for a delay of two days, the sensi-
tivities obtained with the Bayesian method 
were close to the theoretical values with small 
differences ranging between –0.05 and 0.03. 
The precision of threshold crossing times es-

timates depends partly on the measurement 
frequency. With measurements taken ap-
proximately every three days, there is a lack of 
information to precisely estimate the latest 
threshold crossed two days before the event, 
especially when the biomarker values in-
crease as quickly as the onset of disease be-
come closer in time. This explains the dif -
ferences between the theoretical and the 
Bayesian results. A way to increase the preci-
sion of Bayesian estimates is to make more 
frequent measurements or to increase the 
number of cases. 

Both the Bayesian and the crude method 
underestimated the specificities at low 
thresholds (data not shown). This was not 
due to the exact estimations of the thresholds 
crossing times but to the fact that specificity 
was assessed using the highest value reached 
in each control during a given period. The 
longer was the period, the highest was the 
bias. Hence, the choice of the period should 
be made with great caution. 

The AUC values obtained with the 
 Bayesian method were higher than those 
 obtained with the crude method and cor-
rected partly the underestimation of accuracy 
with the latter method. The differences be-
tween the Bayesian and the theoretical values 
came from underestimation of sensitivity 
with a delay of two days, but also and mainly 
from underestimation of specificity. 

The Bayesian methods led to a better 
 estimation of sensitivity, which is the aim of 
the present article. Underestimation of spe-
cificity came from the empirical assessment 
of specificity and not from the exact thresh-
old crossing times. 

4. Example: CMV Disease 
Prediction after Renal 
Transplantation 
4.1 Study Description 

The study involved 68 patients who had 
undergone kidney transplantation between 
January 1, 1999 and December 31, 2003, at the 
Centre Hospitalier Lyon Sud (Lyon, France). 
All were CMV-seropositive before transplan-
tation; 46 received a CMV-positive graft and 
22 a CMV-negative one. They were weekly 
monitored for CMV by quantitative PCR 
during eight weeks after transplantation, 
semi-monthly until the third month, then 
monthly until the sixth month. Because the 
probability of developing CMV disease six 
months after renal transplantation is low, 
 patients who did not present a CMV disease 
after a six-month follow-up were considered 
disease-free. 

CMV infection was defined as isolation of 
CMV by early or late viral culture. CMV dis-
ease was defined as the presence of the above 
defined CMV infection plus either: i) an as-
sociation of two among the following clinical 
or biological signs: temperature above 38 °C 
for at least two days, leukopenia (less than 
3.5 G/L), thrombocytopenia (less than 150 G/ 
L), abnormalities of liver enzymes (twice or 
more the reference levels); ii) isolated leuko -
penia (less than 3 G/L); or iii) tissue injury 
(invasive disease). 

The PCR method had a detection thresh-
old of 200 copies/mL; 321 measurements out 
of 494 fell below this threshold. Those left-

Table 1  
Estimated mean AUC 
values and sensitiv-
ities for thresholds 1, 
2, 3, and 4, with 
their respective stan-
dard errors, obtained 
with the Bayesian 
method and the 
crude method over 
100 simulations, for 
three delays be-
tween marker 
measurement and 
disease outcome 

Delay Method AUC Se 1 Se 2 Se 3 Se 4 

2 Theoretical 0.985 0.999 0.971 0.787 0.378 

Bayesian 0.868 (0.037) 0.959 (0.027) 0.842 (0.045) 0.617 (0.056) 0.312 (0.050) 

Crude 0.697 (0.029) 0.885 (0.026) 0.610 (0.029) 0.284 (0.038) 0.085 (0.043) 

4 Theoretical 0.791 0.871 0.5 0.129 0.012 

Bayesian 0.616 (0.031) 0.838 (0.025) 0.509 (0.038) 0.175 (0.048) 0.026 (0.029) 

Crude 0.458 (0.045) 0.717 (0.030) 0.299 (0.049) 0.060 (0.055) 0.012 (0.041) 

6 Theoretical 0.618 0.664 0.233 0.03 0.001 

Bayesian 0.418 (0.048) 0.682 (0.037) 0.253 (0.055) 0.043 (0.051) 0.006 (0.025) 

Crude 0.342 (0.049) 0.578 (0.041) 0.176 (0.051) 0.027 (0.045) 0.007 (0.032) 

True AUCs and sensitivities were estimated according to process of generation of the biomarker values. 
Se denotes sensitivity. 
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censored measurements were given value 0. 
Forty-three subjects developed a CMV dis-
ease with transplantation-to-disease quar-
tiles 21, 25, and 31 days, respectively. The 
quartiles relative to the number of measure-
ments in those patients were 3, 4, and 5 
measurements, respectively. Most patients 
who developed a CMV disease had an earlier 
sharp increase in the viral load (�Fig. 1). The 
viral load of the 25 subjects who did not 
 develop the disease remained generally low; 

however, six of them had a slight increase 
starting from the 20th day, followed by a de-
crease starting about the 30th day, then a re-
turn to the initial level. This may strongly in-
fluence the diagnostic test specificity. How-
ever, during the first 30 days, the variability 
between measurements in subjects who did 
not develop the disease remained very low. 

Specificity was estimated at four periods 
after transplantation, p1 to p4: [0; 10[, [10; 20[, 
[20; 30[, and [20; 30[ days, respectively, with 

measurements in 25 patients. Sensitivity was 
estimated at t = 0, 5, and 10 days before the 
outcome, with measurements in 43 patients. 
Threshold crossing times were estimated 
using the Bayesian method. The model was 
fitted using WinBUGS software package [25]; 
its corresponding code is given in �Appen-
dix 2. ROC curves were then constructed with 
those sensitivity and specificity estimates. 
There was a large gap between thresholds 0 
and 200 on ROC curves, although there was 
no information on other in-between thresh-
olds. Therefore, only the partial area above 
threshold 200 was estimated [26]. The ob-
tained values were transformed in values be-
tween 0 and 1, as proposed by McClish [27]. 
The confidence intervals (CI) for AUC values 
and the standard errors (SE) for sensitivity 
and specificity were assessed by bootstrap, 
based on 1000 samples. 

4.2 Results 

For a fixed delay between marker measure-
ment and disease onset, the ROC curves cor-
responding to the first 10 days p1 and 10–20 
days p2 after transplantation were very close 
(�Fig. 2). Regarding the two later periods p3 
and p4, the ROC curve was as much close to 
the diagonal as the period was late after trans-
plantation. For each period during which 
specificity was estimated, the ROC curves 
were all the more close to the diagonal that 
the delay between marker measurement and 

Fig. 1  
PCR measurements 
for cases (solid lines) 
and controls (dotted 
lines) versus 
measurement day 
after transplantation. 
x and y scales have 
been truncated. 

Fig. 2 ROC curves estimated at three delays between marker measurement and disease onset (t = 0, 5, and 10 days) and during four periods after trans-
plantation for specificity: p1 = [0; 10[, p2 = [10; 20[; p3 = [20; 30[, and p4 = [20; 30[ days 
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disease onset increased. AUC estimates in 
�Table 2 show that the test accuracy was 
good during the two first periods after graft 
and at 0- and 5-day delay between test and 
disease onset (t = 0 and t = 5). The AUC was 
then over 75% but it decreased quickly as the 
period and the delay increased. The AUC de-
crease with the advance of the period was 
linked to a decrease of specificity in late 
 periods; thus, specificity depended on the 
period after graft. The decrease of the AUC 
along the delay between marker measure-
ment and disease onset was linked to a de-
crease of sensitivity. The discriminant ability 
was not significantly greater than 0.5 neither 
in the third period p3 with t = 10 nor in the 
fourth period p4 with t = 5 or t = 10 (value 0.5 
lies within the 95% confidence interval). 

At the specific threshold of 200, the sensi-
tivity was above 80% for t = 0, but lower than 
50% at t = 10 (�Table 3). This threshold was 
associated with a good specificity during the 
two first periods p1 and p2, but that specificity 
decreased quickly to less than 50% during the 
fourth period. 

5. Discussion 

The Bayesian method to estimate the exact 
threshold-crossing times described in this 
 article allows estimating incident sensitivity 
and static specificity of a longitudinal bio -
marker. The numerical studies showed that 
the crude method underestimated sensitivity 
in the case of interval-censored measure-
ments whereas, under some conditions, the 
Bayesian method corrected that bias. 

In the application, quantitative PCR 
seemed reliable to predict CMV disease with-
in five days preceding the disease onset and 
within the first 20 days after transplantation. 
Before that fifth day, the test sensitivity de-
creased quickly with the increasing delay be-
tween marker measurement and disease on -
set and the test specificity decreased quickly 
after the 20th day after transplantation. To 
our knowledge, this is the first study on early 
diagnosis of CMV disease that took into ac-
count the progression of accuracy with both 
the marker measurement time and the delay 
between marker measurement and the dis-
ease clinical detection. This was found crucial 
and explained the differences that exist in the 
literature about quantitative PCR accuracy, 

where the delay or the measurement period 
changes from one study to another [28–30]. 

The use of the highest biomarker value 
from each control during a given period may 
lead to an underestimation of specificity; this 
bias is conservative because we are sure that 
the true biomarker accuracy is not smaller 
than the one estimated. There is no consensus 
throughout the literature on the way to esti-
mate specificity empirically with repeated 
marker measurements. Our choice was partly 
motivated by Murtaugh [31], who also kept 
the highest marker value from each control to 
estimate specificity. He compared these re-
sults to those obtained keeping the average 
marker value from each control, but the dif-
ferences were slight. Emir et al. [32, 33], then 
Slate and Turnbull [15] proposed another 
way to assess static specificity without model-
ing it. At a specific threshold, the specificity 

with each control was estimated by the pro-
portion of negative tests; then the global spe-
cificity was defined as the average of all indi-
vidual specificities, possibly weighted by the 
number of measurements per subject. The 
possible bias of this method was not analyzed; 
the underestimation might be smaller than 
the one stemming from Murtaugh’s method; 
however, both methods should lead to similar 
results when estimation periods are short, 
with few measurements by subject. All those 
methods could be used after estimation of the 
threshold-crossing times. A third method 
would be to model specificity; but then, the 
bias would depend on the validity of the 
model assumptions. Certainly, there is still a 
lot of work to do about estimation of speci -
ficity with repeated measurements along 
time. 

One contribution of this article is the as-
sessment of specificity over different periods. 
This is relevant when specificity progresses 
along time after inclusion. 

The exact estimation of the threshold-
crossing times relies on the assumption that, 
for a specific threshold, the crossing times fol-
low a Weibull distribution. This distribution is 
commonly used to model failure time data; 
this is the case of parametric regression for 
 interval-censored data [34–37]. Lindsey [35] 
compared the results obtained from nine dif-
ferent distributions (including the Weibull, the 
log-normal, and the gamma distributions) 
and concluded that, except for heavily interval-
censored data, the results may change with the 
distributional assumptions. However, in the 
above CMV study, the use of a log-normal dis-
tribution led to results, and especially ROC 
curves, which were almost identical to those 
obtained with a Weibull distribution. 

Other forms than incident and static have 
been proposed for sensitivity and specificity 

Table 3 Estimated sensitivities and specifici -
ties (standard error) for quantitative PCR, the 
threshold being 200 copies/mL 

Table 2 Partial AUC values (95% confidence interval) estimated at three delays between marker 
measurement and disease onset and during four periods for specificity 

Period after 
graft (days) 

Delay between test and disease onset (days) 

0 5 10 

        [0; 10[ 0.852 (0.783; 0.907) 0.769 (0.694; 0.833) 0.662 (0.591; 0.721) 

[10; 20[ 0.845 (0.780; 0.906) 0.759 (0.684; 0.833) 0.647 (0.574; 0.717) 

[20; 30[ 0.757 (0.661; 0.844) 0.669 (0.569; 0.761) 0.550 (0.349; 0.642) 

[20; 30[ 0.634 (0.509; 0.759) 0.555 (0.356; 0.678) 0.344 (0.157; 0.555)

Sensitivity 

Delay between test and 
disease onset (days) 

 

         0 0.814 (0.063) 

         5 0.651 (0.073) 

10 0.442 (0.077) 

Specificity 

Period after transplan-
tation (days) 

 

         [0; 10[ 0.960 (0.040) 

[10; 20[ 0.880 (0.066) 

[20; 30[ 0.680 (0.091) 

[20; 30[ 0.480 (0.100)
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[23]; for example, estimating the cumulative 
sensitivity using the measurements taken 
during the t days preceding the outcome and 
not exactly t days before the outcome. How-
ever, cumulative sensitivity estimates depend 
on the time to disease distribution con-
ditional on the marker measurement time 
and, thus, do not simply reflect biomarker 
sensitivity. In the concept of dynamic speci -
ficity, the controls are the patients who do not 
develop the disease during the t days follow-
ing a measurement. However, in our study, 
the patients developed CMV diseases rapidly 
after transplantation. Among the subjects 
whose viral load increased during the few 
days before disease onset, some developed the 
disease very soon after t days following a 
measurement; these would therefore be con-
sidered as controls, inducing a high estimate 
of the false-positive rate and, thus, an under-
estimation of the real specificity. Thus, the 
incident sensitivity/static specificity defini-
tion of accuracy is, to our opinion, the best 
way to integrate the concept of time in ROC 
analysis. As stated by Pepe et al. [22], this 
should be used in most studies. 

Compared to previous methods [15–20], 
the one proposed here is really easy to imple-
ment using standard statistical softwares (the 
code for Bayesian computations under Win-
BUGS is given in �Appendix 2). Moreover, 
there is no need to define and select a model 
for biomarker progression, sensitivity, spec -
ificity, the ROC curve, or the survival con-
ditional to biomarker values; hence, the 
method can be very quickly adapted to other 
settings. Despite the need for a complex 
 modeling phase, the method proposed by Cai 
et al. [17] remains appealing, but it requires 
large datasets because each biomarker value 
for which sensitivity or specificity is esti-
mated adds a new parameter to the model; 
however, biomarker development studies do 
not always include a high number of patients. 
Anyway, our method imposes a restriction: it 
requires control follow-ups be long enough 
to assume they are real controls, i.e., the 
method does not allow so far for censoring, 
but it may be improved to deals with censored 
data using ideas similar to those proposed by 
Cai et al. [17]. The next step of our research 
would be to analyze the effect of the delay be-
tween measurements on accuracy estimates 
when that delay depends on the last measure-
ment value. Within the context of longi -

tudinal biomarker modeling, Shardell and 
Miller [38], then Liu et al. [39] have directly 
addressed this problem. 

We hope our simple method will help 
 statisticians undertake complete and precise 
analyses of longitudinal biomarkers accuracy 
taking into account the marker measurement 
time and the delay between marker measure-
ment and outcome. In most studies, this is 
 essential. 
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Appendix 1 

1. Generation of the Simulated 
Data 

1.1 Notation 

i = subject index; k = kth marker measure-
ment; sik = time of the kth measurement for 
the ith subject; Δik = delay between the kth 
measurement and the diagnosis time for the 
ith subject 

1.2 Sampling Times (sik) 

Patients should have a biomarker measure-
ment every three days for 30 days after inclu-
sion into the study; but, actually, the measure-
ment is often delayed. Generate: 
 
sik = 3k + εik, k = 0, ..., 9 
 
   uniform (1, 2.95)  if k = 0, 
εik = { 
   uniform (0, 2.95)  if k >0. 

1.3 Time of Diagnosis 

The time of diagnosis was generated as fol-
lows: 
 

Ti ~ uniform(15, 20)  with probability 0.4 
Ti ~ uniform(20, 30)  with probability 0.6 

1.4 Biomarker Values 

For Controls 
Throughout each simulation, controls have 
their own biomarker value normally dis-
tributed with mean 1 and variance 0.25; for 
each measurement, an error is added that 
 follows a normal distribution with mean 0 
and variance 0.49. 

For Cases 
In cases, biomarker values are generated as for 
controls up to eight days before diagnosis; for 
later measurements, an extra term is added: 
 
exp(2 – (0.5 + δi)  Δik) 
 
δi corresponds to patients’ specific biomarker 
increase with time between marker measure-
ment and diagnosis. It follows a normal dis-
tribution, with mean 0 and variance 0.0025. 

Measurements taken after the time of di-
agnosis are removed. 

2. Calculation of the Theoretical 
AUC Values 

When biomarkers follow normal distribu-
tions in the diseased and non-diseased 
populations (respectively N( ) and 
N( )), Pepe et al. [3] showed that the 
AUC for the ROC curve is given by  
 

 

 where a = (μD – μD
–)/σD, b = σD

–/σD, and Φ de-
notes the standard normal cumulative func-
tion. 

According to the process of generation of 
biomarker values, during each period, 
measurements in control subjects follow a 
normal distribution with mean 1 and vari-
ance 0.25 ± 0.49. 

In cases, for a delay Δ between the marker 
measurement and the diagnosis time, the 

biomarker values follow a normal distribu-
tion with mean 
  
1 + exp(0.5(4 – Δ)) 
 
and variance 
  
exp(4 – Δ) × Var(exp(–δ × Δ)) 
 
where δ follows a normal distribution with 
mean 0 and variance 0.0025. 

For small delays Δ  , the variance may be 
approximated using the delta-method; for 
our applications, the variance was estimated 
using 107 random values stemming from a 
normal distribution with mean 0 and vari-
ance 0.0025. 

Those results allow us to calculate the 
 theoretical AUC for each period and delay 
 between marker measurement and the onset 
of disease. 

Appendix 2 

The WinBUGS code for estimating the exact 
threshold-crossing time (paragraph ROC 
curve analysis). 
 
model 

{ 

for(i in 1:N) ## N corresponds to the 

number of crossings 

{ 

crossing_time[i]~dweib(r,mue)I 

(left[i],right[i]) 

## left[i] corresponds to the date of 

last PCR measurement whose result was 

inferior to the threshold 

## right[i] corresponds to the date 

of first PCR measurement whose result 

was superior or equal to the thresh-

old 

} 

r~dgamma(1.0E-3, 1.0E-3) 

mue<-exp(mu) 

mu~dnorm(0,0.000001) 

}
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