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ABSTRACT

Purpose
Monitoring appropriate categories of medication sales can provide early warning of certain
disease outbreaks. This paper presents a methodology for choosing and monitoring
medication sales relevant for the surveillance of gastroenteritis and assesses the operational
characteristics of the selected medications for early warning.
Methods
Acute diarrhoea incidences in mainland France were obtained from the Sentinelles network
surveillance system for the period 2000-2009. Medication sales grouped by therapeutic
classes were obtained on the same period. Hierarchical clustering was used to select
therapeutic classes correlating with disease incidence over the period. Alert thresholds were
defined for the selected therapeutic classes. Single and multiple voter algorithms were
investigated for outbreak detection based on sales crossing the thresholds. Sensitivity and
specificity were calculated respective to known outbreaks periods.
Results
Four therapeutic classes were found to cluster with acute diarrhoea incidence. The therapeutic
class other antiemetic and antinauseants had the best sensitivity (100%) and timeliness (1.625
weeks before official alerts), for a false alarm rate of 5%. Multiple voter algorithm was the
most efficient with the rule: “Emit an outbreak alert when at least 3 therapeutic classes are
over their threshold” (sensitivity 100%, specificity 95%, timeliness 1.750 weeks before
official alerts).
Conclusions
The presented method allowed selection of relevant therapeutic classes for surveillance of a
specific condition. Multiple voter algorithm based on several therapeutic classes performed
slightly better than the best therapeutic class alone, while improving robustness against abrupt
changes occurring in a single therapeutic class.
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INTRODUCTION
Medication sales are increasingly advocated as relevant data sources for syndromic
surveillance of acute diseases like influenza-like illness (ILI) and gastroenteritis.1,2
Identification of the most relevant medications for surveillance of a specific condition may be
based on a “candidate” approach using prior knowledge or assumptions. For example, Okhusa
et al used common-cold medications to monitor ILI because “use of such medications has
long been accepted in Japanese society as the first and more common treatment for influenzalike illness”.3 Other authors also used a fixed set of “cold remedies” as a starting point to their
analysis,4,5 while some focused on electrolyte products to detect paediatric respiratory and
diarrhoeal outbreaks.2 Expert advice was sometimes sought: the National Retail Data Monitor
relied on clinician expertise to create and select medication categories for surveillance of ILI
and diarrhoeal illness.6 Stirling et al allowed pharmacists to decide which drugs they would
report.7 A panel of experts was consulted by Vergu et al to select therapeutic classes for
prediction of ILI trends.8
More and more detailed datasets on medication use in large populations are available. In such
instances, a “data driven” approach to drug selection for surveillance is advisable, using
statistical algorithms to identify the medications the most closely associated to the disease of
interest. For example, Das et al. calculated the ratio of sales during peak period to non-peak
period to identify a subset of drugs within a group of “cold” medications, for ILI
surveillance.9 Li et al. explored through canonical correlations the relationships between a set
of diagnoses and a time series of electrolyte sales.10
We took this approach further by using an extensive database of drug sales and described how
to select, without a priori knowledge, therapeutic classes likely to inform on the studied
disease and to be of use in a syndromic surveillance system. Acute diarrhoea (AD) was taken
as an example. We further assessed the operational characteristics of the selected drugs for
early warning.

DATA AND METHODS
Data
Medication sales data are collected weekly by IMS-Health France from a sample of
pharmacies. The sample comprised 7,500 pharmacies in 2000 to 13,300 in 2008, covering all
3

continental France (59% of pharmacies).11 Data are aggregated into 593 therapeutic classes
along the Anatomical Classification of the European Pharmaceutical Marketing Research
Association (EphMRA).12
The analyzed database covered the period between week 36 of 2000 and week 16 of 2009.
384 classes spanned the whole period. Sales were measured in boxes sold for each therapeutic
class, for each week, for 100,000 inhabitants.

The national weekly rates of incidence of AD for 100,000 inhabitants in France were provided
by the Sentinelles network.13 This network is composed of general practitioners who send
observations on 10 health indicators to a national database that can be accessed at
www.sentiweb.fr. A case of AD was defined as at least 3 daily watery stools, dating less than
14 days, motivating the consultation.

Selection of relevant therapeutic classes
A hierarchical clustering procedure, using the average distance,14 was applied to the time
series of therapeutic class sales and AD rate of incidence. The distance between two time
series was defined as 1 minus Pearson’s correlation coefficient at the best lag.
Relevant drug sales were identified as those clustering around AD in the hierarchical tree after
cutting the tree at an arbitrary height. Increasing the height in cutting the tree increased the
number of selected drugs. A decision algorithm was designed to choose the cutting height: the
selection process was repeated with various cutting heights and the set of therapeutic classes
leading to the best performances, in terms of epidemics detected, false alert rate and
timeliness, was selected.

Outbreak detection method
We used the limited baseline CUSUM to provide outbreak alerts based on medication sales.
This statistic was chosen since it proved to be efficient when few historical data are
available.15,16 As only high values of sales were expected to indicate epidemics, a one-sided
upper CUSUM was used.
The d-week upper CUSUM at time t, Ct+ was defined as
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The running mean y ( r ) and the running variance s( r ) were calculated from the r observations
yi −d − r ,..., yi − d −1 preceding the most recent d weeks. An alert was emitted when the upper
CUSUM Ct+ exceeded a predefined detection threshold.

Outbreak detection evaluation
The detection performances of the therapeutic classes were measured by three characteristics:
sensitivity, specificity and timeliness.16,17

Epidemic periods were determined using the official alerts made public by the Sentinelles
network at the national level. These alerts are obtained by applying a periodic regression
model on AD rates of incidences.18

An acceptable detection window was defined as all weeks within the epidemic period and the
2 preceding weeks. Alerts emitted in the detection window qualified as true alerts.

Sensitivity was defined as the proportion of detected epidemics, i.e. if an alert occurred during
the detection window. Specificity was defined as the proportion of weeks outside the
detection window for which no alert was emitted. Timeliness was defined as the time of the
first true alert minus the start of the epidemic period. Note that with the definition used for
true alerts, alerts emitted by a therapeutic class will have at the most a two-week lead on the
official dates of the epidemic. When there was no detection, timeliness was undefined.

These measures were combined into an overall measure of performance, the area under the
weighted receiver operating characteristic curve (AUWROC),17 see the Appendix. This curve
represents the sensitivity weighted by the timeliness (sensitivity × f(timeliness)) in y-axis
against 1-specificity in x-axis, for different detection thresholds. An area close to 1 indicates
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good sensitivity, specificity and timeliness, while an area close to 0 indicates a low
performance for at least one of these 3 features.

Various parameter combinations, given in Table A.1 of the Appendix, were tested for the
CUSUM method. For each parameter combination, the detection threshold was varied
between 0 and 15 by 0.1 step to provide a broad coverage in terms of sensitivity and
specificity.

“Multiple voter” monitoring
“Multiple voter” monitoring of the selected therapeutic classes was conducted by different
rules: alerts were emitted when at least one, two, three or four CUSUMs exceeded their
threshold.

Analyses were done with R version 2.8.0.19

RESULTS
Selection of relevant therapeutic classes
Selection of therapeutic classes for AD surveillance was done on the classes that existed
during the whole study period.
First, a hierarchical tree was built from the drug sales database and AD rate of incidence.
Figure 1 shows the reordered database, where similar looking time series clustered together.
The tree was cut at height 0.5 to form 54 clusters.
Figure 2 illustrates the process of cutting the tree and forming clusters. Four therapeutic
classes were present in the same cluster than AD: other antiemetics and antinauseants
(A04A9), motility inhibitors (A07H), all other antidiarrhoeals (A07X) and intestinal
adsorbent antidiarrhoeals (A07B). The best correlations of the therapeutic class sales with
AD rate of incidence were respectively 0.78, 0.78, 0.64 and 0.55 for A04A9, A07H, A07X
and A07B (p<10-5); these were obtained at lag 0 for all classes, meaning that peaks of sales
and incidences occurred at the same time.
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The selected therapeutic classes belonged to 2 super-groups of the EphMRA classification
which were antiemetics and antinauseants (A04) and antidiarrhoeals, oral electrolyte
replacers and intestinal anti-inflammatories (A07). Note that all the selected A07 classes
refer to antidiarrhoeal medications.

Time series of selected therapeutic classes were plotted along AD rate of incidence (Figure
3.a). It can be seen on this figure that the selected therapeutic class sales presented a seasonal
pattern coinciding with AD rate of incidence, confirming the peak synchrony suggested by the
cross correlation zero lags.

Univariate monitoring
The selected therapeutic classes were analyzed for outbreak detection with the limited
baseline CUSUM. Weeks before week 10 of 2001 were excluded from the evaluation, to let
the CUSUM start running. Summer periods (weeks 18 to 35 of each year) were excluded from
the evaluation.

For each therapeutic class, the parameter combination that gave the highest AUWROC was
selected (see Table A.2 of the Appendix for details of selected parameters). The sensitivity
and timeliness for the detection threshold leading to the specificity closest to 95% were
reported, with the AUWROC, in Table 1. Each time a CUSUM crossed its threshold was
marked by black rectangles in figure 4. The class other antiemetics and antinauseants
(A04A9) maximized the AUWROC (0.985). For a fixed specificity of 95%, it had the best
sensitivity (100%) and timeliness (1.625 weeks before official alerts).

“Multiple voter” monitoring
The CUSUM for each therapeutic class was set with the parameter combination that provided
the best AUWROC. The threshold for each CUSUM was the one that provided the specificity
closest to 95%. Then, a unique epidemic indicator was created by merging the different
CUSUM statistics using a voting rule. The rule “Emit an outbreak alert when at least 3
CUSUMs are over their threshold” had the best detection performances, with a sensitivity of
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100%, a specificity of 95% and a timeliness of 1.750 weeks before official alerts (see Table
2).

Sensitivity analysis for the cutting height parameter
If the tree was cut at height 0.6, a branch containing 12 more therapeutic classes would have
been added to the selected therapeutic classes (see Figure 3.b). Their cross correlations with
AD rate of incidence were respectively 0.70, 0.65, 0.55, 0.54, 0.52, 0.51, 0.49, 0.49, 0.47,
0.44, 0.43 and 0.37 for R04A, R05A, R01B, R01A7, A11G1, H02A2, R02A, R05D1, R01A9,
R01A1, D06D1 and R03X2. “R” classes refer to respiratory system medications.
Sensitivity of topical antivirals (D06D1) for detection of acute diarrhoea outbreaks was 88%
for a fixed specificity of 95% (timeliness: 0.857 weeks before officials alerts). The other
classes had low sensitivities (0 to 0.375) and emitted late alerts (1 to 6 weeks after official
ones).
When included in the multiple voter algorithm, they decreased its performances: sensitivity
was 100%, specificity 89% and timeliness 1.25 weeks before official alerts, for the best rule
“Emit an outbreak alert when at least 3 CUSUMs are over their threshold”. Figure 5 presents
the mean AUWROC over the classes selected using different cutting heights: it decreases
when the cutting height augments.
Thus, according to the decision rule described in the method section, only the 4 classes of the
cluster previously obtained by cutting the tree at height 0.5 were kept.

DISCUSSION
We proposed a method for identifying and monitoring therapeutic classes for syndromic
surveillance of gastroenteritis, within an extensive medication sales database.

Reactive surveillance system alerting about the start of gastroenteritis epidemics are useful for
different public health players. Practitioners may consider gastroenteritis as a differential
diagnosis on certain syndromes; pharmacies can use it to manage their stock. Public health
messages, concerning for example children dehydration prevention, can be timely broadcasted
and individual protection measures such as hand washing encouraged in the population.
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Disposing of an alternative data source that strengthens and anticipates traditional
epidemiological alerts would allow these public health actions to be launched earlier.

Three antidiarrhoeal classes (motility inhibitors (A07H), all other antidiarrhoeals (A07X) and
intestinal adsorbent antidiarrhoeals (A07B)) and one antiemetic class (other antiemetics and
antinauseants (A04A9)) were selected for surveillance through a data mining approach.
Antidiarrhoeals and antiemetics have proven elsewhere to be efficient for detecting
gastroenteritis outbreaks of unknown origin,9 viral origin,20 or bacterial origin.7,21 Electrolyte
products, used for detecting paediatric diarrhoeal outbreaks by Hogan et al, were not present
in the database to allow comparison.2

While these authors selected drugs relying on expert advice, the therapeutic classes were
selected here by a data-mining algorithm, among 384 therapeutic classes. The availability of
large databases of drug sales has previously pushed some authors toward finding algorithms
for objectively selecting drugs, while still incorporating human a priori selection. For
example, Das et al. calculated the ratio of sales during peak period to non-peak period to
identify relevant drugs within a group of “cold” medications.9 We took this approach further
by analyzing an extensive database of drug sales, without any a priori knowledge, using
hierarchical clustering.

Hierarchical clustering was previously used by Magruder et al on a set of “cold remedies” to
aggregate medications that had similar sale patterns.4 The clustering process described in the
present paper differed from the one by Magruder et al on the following points. We did not
select an a priori list of medication sales, but instead used all therapeutic classes present in the
IMS-Health database. This makes the approach feasible even when a priori relevant
medications cannot be defined.
Then, we used the time series of acute diarrhoea rate of incidence together with the time series
of sales in the clustering process. Indeed, our approach required selecting several candidate
therapeutic classes for the detection of gastroenteritis outbreaks, rather than aggregating them
into groups according to their sales pattern.
Finally, the distance between two time series used in the present clustering process was
simply calculated by taking 1 minus Pearson’s correlation between the time series whereas
Magruder et al used model comparison to derive a distance between two time series.
9

The hierarchical clustering method allowed grouping away non-relevant medications which
would have been captured by a traditional correlation analysis. Indeed, some flu medications,
in particular chest rubs and other inhalants (R04A) and cold preparation without antiinfectives (R05A), had a high correlation coefficient with AD rate of incidence (respectively
0.70 and 0.65, p<10-5), higher than all other antidiarrheals (A07X) and intestinal adsorbent
antidiarrheals (A07B) (respectively 0.64 and 0.55, p<10-5). However, they did not have
enough similarity with antidiarrhoeals or antiemetics sales to be placed in the same cluster.
Thus, the clustering algorithm placed them in a cluster distant from the one formed by AD
rate of incidence, antidiarrhoeals and antiemetics. If included, their detection performances
would have been low: AUWROC=0.772 for R04A and AUWROC=0.627 for R05A.

Several methods exist for the monitoring of multiple time series. Some authors monitored
directly the sum of various drug sales.7,21 We tested this approach by monitoring the summed
sales of the 4 selected therapeutic classes with a CUSUM. The best AUWROC was 0.971,
and for a fixed specificity of 95%, sensitivity was 100% and timeliness 1.750 weeks before
official alerts. This detection performance was the same than the one obtained by the multiple
voter algorithm. However, keeping each series individualized in the analysis allowed
visualizing the distinctive characteristics of each therapeutic class, even more if they did not
have the same mean volume of sales.
Multivariate methods take into account the correlations between time series.22 While this
seems to be the most unrestrictive approach, specification of the correlation structure must be
decided a priori and remain fixed along time. Furthermore, only linear correlation can be
taken into account. Finally, complex specification of the model hampers straightforward
interpretation.
Therefore, a multiple univariate method was undertaken in this paper: the CUSUM statistics
were separately calculated on the 4 selected therapeutic classes and merged into a single
epidemic indicator by a voting rule. This approach performed as well as multivariate methods
for detecting influenza outbreaks using ILI time series.22 It has the advantage to produce a
single alert indicator (as multivariate methods do) while providing individual detection
statistics for each series. The results can therefore be better validated by human experts.
Moreover, if one of the time series exhibits at one point a strange pattern, it can be
immediately identified and removed from the multiple univariate detection while deeper
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investigations are launched. Using the multiple voter algorithm instead of the best class
A04A9 alone allowed gaining in timeliness (from 1.625 to 1.750 weeks) while keeping the
same sensitivity (100%) and specificity (95%).

There are some methodological limitations to the present study. Firstly, three potential
sources of overfitting were identified: 1) Epidemic detection was run on the same subset of
the series that was used to select the most informative therapeutic classes (in reality, this
subset was the whole time series). 2) This same subset was used both to optimize the
detection method parameters and to evaluate its performances (sensitivity, specificity and
timeliness). 3) The “known epidemic periods” used to measure the detection performances
were defined with a periodic regression model applied to the time series of acute diarrhoea
rate of incidence, which was also used to select the therapeutic classes.

A solution to avoid overfitting from sources 1 and 2 would have been to split the data into a
first period used to select therapeutic classes, a second period used to train the detection
method and a test period to evaluate detection performances. However, in the present case, we
only had access to 9 years of data, which is too small to provide meaningful splits in training
and testing blocks. Concerning the third source of overfitting, it would have been interesting
to have access to epidemic periods defined with another data source. The only other
surveillance system monitoring gastroenteritis in the population in France is based on
emergency department data. However, it only started in 2004 and does not release alerts nor
give access to its data.

A second limitation to this study is that the uncertainty surrounding individual performances
of the selected therapeutic classes (AUWROC, sensitivity, specificity and timeliness) was not
assessed. However it should be stressed that the selection of therapeutic classes relied on a
hierarchical clustering process that did not involve AUWROC comparisons. Thus, uncertainty
around performance measures did not impact which classes were kept for surveillance: all the
4 classes selected via the clustering process were kept into the multiple univariate detector,
independently of their individual AUWROC. Performance measures only played a role in the
selection process when deciding if the inclusion of a wider group of therapeutic classes
improved the multivariate detection performance.
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Finally, the generalizability of the presented selection method to other epidemiological
contexts has to be assessed on an individual basis. Indeed, it allowed extracting the
therapeutic classes “closest” to acute diarrhoea incidence but did not guarantee that they
would allow outbreak detection: detection performance relies on the specificity of the selected
medications for the disease under surveillance and on how well a consumption change in the
population reflects an increase in incidence (self-medication, stockpiling).
We could observe in the IMS-Health database that, in France, the therapeutic classes
clustering with ILI incidence were medically relevant but performed poorly for epidemic
detection. Indeed, sales started rising up around September, well before seasonal influenza
epidemics. However, time series of ILI drug sales in the USA have been shown to have an
adjusted lead time of 3 to 8 days over ILI consultations,4 or no lead time.9

Conclusion
The presented clustering-based selection method allowed extracting relevant therapeutic
classes for syndromic surveillance of gastroenteritis from an extensive database. Multiple
univariate monitoring of the selected therapeutic classes, using a voting rule, allowed
detecting epidemics with good sensitivity, specificity and timeliness.
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FIGURES AND TABLES
Table 1.

Evaluation of univariate monitoring of the selected therapeutic class sales.

The sales of each therapeutic class were analyzed separately with a CUSUM statistic. Alerts
were emitted when the CUSUM exceeded a detection threshold. Official epidemic dates
released by the Sentinelles network were used to evaluate outbreak detection performances.
Sensitivity and timeliness are given for the detection threshold that provides the specificity
closest to 0.95. The area under the weighted receiver operating characteristic curve
(AUWROC) is calculated across a range of thresholds. Timeliness of -1 means that the
method emits an alert in average one week before epidemics are officially declared.
Class Name
A04A9 OTHER ANTIEMETICS AND
ANTINAUSEANTS
A07H MOTILITY INHIBITORS
A07X ALL OTHER
ANTIDIARRHOEALS
A07B INTESTINAL ADSORBENT
ANTIDIARRHOEALS

Table 2.

AUWROC Sensitivity Timeliness Detection threshold Specificity
0.985
0.956

1
1

-1.625
-1.125

1.2
1.6

0.948
0.953

0.952

1

-0.5

8.9

0.948

0.915

0.875

-0.429

5.4

0.953

Evaluation of multiple voter monitoring of therapeutic class sales.

Each therapeutic class was analyzed separately with a CUSUM statistic set with the
parameters that lead to the best detection performances. For each class, the selected detection
threshold was the one giving the specificity closest to 95%. A multiple voter algorithm was
then used to combine the information from all the CUSUMs. Four rules were used: alerts
were emitted when at least 1, 2, 3 or 4 CUSUM statistics simultaneously exceeded their
thresholds. Sensitivity, specificity and timeliness are presented for each rule.
Rule
At least 1 CUSUM exceeds its threshold
At least 2 CUSUMs exceed their thresholds
At least 3 CUSUMs exceed their thresholds
At least 4 CUSUMs exceed their thresholds

Sensitivity

Specificity

Timeliness

1
1
1
0.875

0.760
0.906
0.953
0.991

-2.000
-1.875
-1.750
-0.571
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Figure 1.

(a) Time series of therapeutic class sales and acute diarrhoea rate of incidence,

from week 36 of year 2000 to week 16 of year 2009. Each row in the image shows the colourcoded sales level of one therapeutic class. One of the rows corresponds to the time series of
incidence. Low values are in blue, large ones in red and missing ones in white. Each time
series was normalized in the range [0;1]. The vertical ordering of the time series is the result
of hierarchical clustering according to similarity in temporal profiles. Clusters are further
highlighted on the right side with a name chosen to reflect the mean behaviour in the cluster
and the number of series. (b) An average temporal profile is shown below for each cluster.

Figure 2.

Subset of the hierarchical tree focused on acute diarrhoea rate of incidence.

The dashed-line (respectively the dotted-line) rectangle outlines the cluster containing acute
diarrhoea rate of incidence, obtained when cutting the tree at height 0.3 (respectively 0.5). It
can be seen that, for cutting height 0.3, two therapeutic classes (A04A9 and A07H) belong to
the same cluster as acute diarrhoea rate of incidence, while they are four when cutting height
is 0.5 (A04A9, A07H, A07X and A07B).

Figure 3.

In black: time series of therapeutic class sales (in number of boxes for 100,000

inhabitants). In grey: acute diarrhoea rate of incidence (in number of cases for 100,000
inhabitants). The method for selecting therapeutic classes consisted in ordering with a
hierarchical tree the database formed by the time series of therapeutic class sales and acute
diarrhoea rate of incidence. The tree was cut to form distinct clusters of time series. When the
tree was cut at height 0.5, four therapeutic classes were in the same cluster than acute
diarrhoea (panel a). When the tree was cut at height 0.6, twelve more therapeutic classes were
in the same cluster than acute diarrhoea (panel b).

Figure 4.

Black rectangles: alerts emitted each week the CUSUM statistic exceeds its

detection threshold, for a fixed specificity of 95%, for each selected therapeutic class. The
CUSUM of each class is set with the parameters that leaded to the best performances (highest
AUWROC). Black curve: acute diarrhoea rate of incidence. Official epidemic periods, as
defined by the Sentinelles network using a periodic regression model on acute diarrhoea
incidence data, are hatched in grey. Summer periods are left blank, as they are excluded from
the evaluation.
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Figure 5.

Mean AUWROC (Area Under the Weighted Receiver Operating Characteristic

curve) of the therapeutic classes selected for different cutting heights. An AUWROC close to
1 indicates that the method detects epidemics with good sensitivity, specificity and timeliness,
whereas an AUWROC close to 0 indicates a low performance in one of these 3
characteristics.
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Appendix
DETERMINATION OF THE BEST PARAMETER COMBINATIONS FOR THE CUSUM
ALGORITHM
The CUSUM was applied using 16 different parameter combinations (Table A.1). For each
parameter combination, the detection threshold was varied between 0 and 15 by 0.1 step to
provide a broad coverage in terms of sensitivity and specificity. For each therapeutic class, the
combination that gave the best Area Under the Weighted Receiver Operating Characteristic
curve (AUWROC) was selected and is presented in Table A.2.

Table A.1. Parameter combinations tested for the CUSUM method.
Parameter

Description

Range

d

Represents the number of weeks to sum over

2, 3

r

Represents the number of weeks preceding t-d
used to calculate the running mean and the
running variance

7, 9

k

Represents the minimum standardized
difference which must be exceeded for a data
point to be included in the CUSUM calculation

0.5, 1, 1.5, 2

Table A.2. Parameter combination giving the best AUWROC (Area Under the Weighted
Receiver Operating Characteristic curve) for each selected therapeutic class
Class

Name

d

r

k

AUWROC

A04A9
A07H
A07X
A07B

OTHER ANTIEMETICS AND ANTINAUSEANTS
MOTILITY INHIBITORS
ALL OTHER ANTIDIARRHOEALS
INTESTINAL ADSORBENT ANTIDIARRHOEALS

2
2
3
3

9
7
9
9

0.5
0.5
0.5
0.5

0.985
0.956
0.952
0.915

AREA UNDER THE WEIGHTED RECEIVER OPERATING CHARACTERISTIC CURVE
(AUWROC)
This curve represents the sensitivity weighted by a function of the timeliness, called the
Timed Saved (TS), in y-axis against 1-specificity in x-axis, for different detection thresholds.
An area below the curve close to 1 indicates good sensitivity, specificity and timeliness, while
an area close to 0 indicates a low performance for at least one of these 3 features.
The TS was calculated as 1 minus the ratio of the detection delay to a predefined maximal
delay.22 The detection delay was the time between the true epidemic onset, supposed to be 2
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weeks before the official alert emitted by the Sentinelles network, and the first true alert. It is
a positive quantity.
When the detection delay was greater than the maximal delay, TS was set to 0. If there was no
detection, TS was also set to 0. TS lied between 0 and 1. The maximal delay was set to 4
weeks, as it did not seem acceptable to detect an AD epidemic more than 4 weeks after its
onset. The weighted ROC curve was constructed by plotting sensitivity × TS against the false
positive rate (1-specificity).
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