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Abstract

Introduction: No generally accepted procedure exists for detecting outbreaks in syndromic time series used in the surveillance
of natural epidemics or biologic attacks.

Objectives: This report evaluates the usefulness for syndromic surveillance of the Pulsar approach, which is based on remov-
ing long-term trends from an observed series and identifying peaks in the residual series of surveillance data with cutoffs
determined by using a combination of peak height and width.

Methods: Simulations were performed to evaluate the Pulsar method and compare it with other approaches. The daily
syndromic counts in emergency departments of four major hospitals in the Athens area during August 2002–August 2003
were analyzed for two common syndromes. A standardized residual series was generated by omitting trends and noise in the
original data series; this series was examined for the presence of peaks (i.e., points having magnitude higher than at least one
of three probabilistically determined cutoffs). The whole process was iterated, and the baseline was recalculated by assigning
reduced weight to the identified peaks.

Results: For the specific simulation schema used, the Pulsar method fared well when compared with other approaches in
meeting the performance criteria of sensitivity, specificity, and timeliness.

Conclusions: Although the suggested algorithm needs further validation regarding the correspondence between detected peaks
and true biologic alerts, the Pulsar technique appears effective for observing peaks in time series of syndromic events. The
simplicity of the algorithm, its ability to detect peaks based not only on height but also on width, and its performance in the
simulated data sets make it a promising candidate for further use in syndromic surveillance.

Introduction
Syndromic time series are used in surveillance of natural

epidemics or biologic attacks. CDC and the New York City
Department of Health and Mental Hygiene used syndromic
surveillance systems for detection of biologic terrorism after
the September 2001 terrorist attacks (1–3). Almost simulta-
neously, other systems emerged (4), including those devel-
oped by the Boston Department of Health (5) and the
University of Pittsburgh (4,6), CDC’s drop-in surveillance
systems (7), the Electronic Surveillance System for the Early
Notification of Community-Based Epidemics (ESSENCE)
(8,9), and others (10–12).

The Athens 2004 Olympic Games (August 13–29, 2004)
have made critical the need for a real-time surveillance system
that can alert public health officials to unexpected communi-
cable-disease outbreaks and likely clinical presentations of a
biologic terrorist attack, as has been used for other major ath-
letic events (13–17). Therefore, in July 2002, a drop-in
syndromic surveillance system was established in Greece similar

to that used during the Salt Lake 2002 Olympic Winter Games
(13,18).

Different outbreak-detection algorithms are used in oper-
ating syndromic surveillance systems (2,19–23). Ideally, all
alert mechanisms generate an alert whenever the number of
observed events exceeds the expected number of events while
minimizing the frequency of false alerts. However, no gener-
ally accepted procedure exists for outbreak detection in
syndromic surveillance (24). This paper proposes an algorithm
for statistical detection of peaks. The method is based on
removing long-term trends from the series of observations and
identifying peaks in the residual series of data. This approach
was developed for studying episodic hormonal secretion and
has been used for other applications (25–27). An important
feature of the proposed algorithm is that it generates alerts,
taking into consideration both height and breadth of signals.
The proposed method was applied in the Athens Olympic
syndromic surveillance system database (18) and was com-
pared through simulations with other methods currently
applied in syndromic data series (19–23,28).
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Methods

Data Acquisition
Drop-in syndromic surveillance in emergency departments

(EDs) of major hospitals was first established in Greece by the
Hellenic Center for Infectious Diseases Control in July 2002.
The project’s primary aims were to assess system feasibility
and data-collection timeliness, establish a 2-year background
database, and enhance collaboration with and sensitization of
ED personnel of major hospitals (18). During August 2002–
August 2003, the syndromic surveillance system operated in
eight hospitals and one major health-care center in the greater
Athens area. Surveillance was conducted for the following 10
syndromes: 1) respiratory infection with fever; 2) bloody diar-
rhea; 3) gastroenteritis (diarrhea, vomit) without blood; 4)
febrile illness with rash; 5) meningitis, encephalitis, or unexplained
acute encephalopathy/delirium; 6) suspected acute viral hepati-
tis; 7) botulism-like syndrome; 8) lymphadenitis with fever; 9)
sepsis or unexplained shock; and 10) unexplained death with
history of fever. These syndrome categories were used by the
Salt Lake City Department of Health for syndromic surveil-
lance during the 2002 winter Olympics (13). Trained person-
nel visited EDs and identified syndromic cases from chief
complaints as recorded in ED visit books. All syndromes iden-
tified daily in the ED were recorded, as were the total number
of visits. Data were entered into a database, and data manage-
ment and analysis were performed centrally. In the work pre-
sented here, the time series for the two most commonly
encountered syndromes (respiratory infection with fever and
gastroenteritis [diarrhea, vomit] without blood) are used.

Algorithm Description
The Pulsar method is based on identifying peaks in the

syndromic time series that exceed a specified threshold. Long-
term changes are first screened out, and then peaks are identi-
fied in the screened series. This approach has been previously
suggested for studying episodic hormonal secretion (25).

First, a baseline is defined for the original syndromic series
by using the locally weighted smoothing scatterplots method
(LOWESS) (29), in which a fixed proportion of observations
(the smoothing parameter) is used, and a baseline value is cal-
culated from the observations closest in time to the point.
Weights are assigned to the observations, depending on their
distance from the point. The fraction of observations in the
window is selected so that the window’s average width mini-
mizes the bias-corrected Akaike’s information criterion (AIC),
which incorporates both the tightness of the fit and the model
complexity. This criterion often selects better models than AIC
in small samples (30). Then, a weighted nonparametric

regression of syndromic counts versus time within the win-
dow provides the initial baseline value estimate for that time
point. After the initial estimation of baseline values, new
weights giving less influence to observations far from the cor-
responding baseline values are assigned, and the weighted
regression is repeated. This procedure produces baseline esti-
mates that are not influenced by extreme outlier observations.

A residual series, containing short-term variations but not
trends, is obtained by subtracting the smoothed data from the
original counts and is standardized by dividing the residuals
by an estimate of the noise level, to yield a scaled residual
series, expressed in signal-to-noise units. The peaks in the stan-
dardized residual series are identified on the basis of a combi-
nation of height and width, with no assumption for the shape
of the peak. To be classified as a peak, an elevation should
either be substantially high, even if it is narrow, or span mul-
tiple points in width, even if it is moderately high. For a point
in the signal-to-noise series to be considered part of a peak, it
should exceed a certain cutoff value G(1); or it should exceed
a lower cut-off value G(2) along with one adjacent point; or it
should exceed an even lower cut-off value G(3) along with
two adjacent points; and so forth. The specific choices of n
and G(n)s depend on the time series used for calibration pur-
poses, the relative choice between higher but narrow peaks as
opposed to lower but broad ones, and the desired false-alert
rate. After the initial identification of peaks, the baseline is
recalculated. Reduced weight is assigned to observations pre-
viously identified as part of a peak. Iterations of the whole
process are performed until the same assignment of points to
peaks is achieved.

Algorithm Customization
In the 13-month syndromic series, LOWESS smoothing

was applied with optimal smoothing parameter equal to 15%
for respiratory infection with fever and 52% for gastroenteritis
(diarrhea, vomit) without blood. Alternative estimates were used
for the standardization, including the standard deviation and
the mean absolute deviation in the original series, as well as
the 7-day moving standard deviation and the 7-day mean
absolute deviation in the simulated series. The latter were based
either on the seven most recent observations to the current
time point or on the tenth to fourth most recent observations
(i.e., not taking into account the three most recent ones). The
procedure is performed iteratively to weigh down extreme
values and detect outliers appearing in clusters. In this data
set, extreme clustered observations do not appear to exist, and
two iterations were sufficient to obtain a smoothed series (the
resulting detected peaks of the two iterations differ by <2.5%).
G(1), G(2), and G(3) cutoffs were chosen under the assump-
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tion of normality for the standardized residual series to derive
97% specificity in the whole series and take into account the
effect of multiple testing on the significance level. The thresh-
old is given by G(n) = probit(1-α*[n/6]/d) where d = number
of days that a false alert occurs with probability α = 0.10 and
n = 1 or 2 or 3, whereas the factor n/6 provides the necessary
adjustment for multiple testing (25).

Alternative Methods
The Pulsar approach was evaluated by comparison through

simulations with other commonly used syndromic surveillance
methods (19–23,28). All parameters for each model used in
the comparisons were set so that the specificity (true nonalerts/
nonoutbreaks) in the original time series was fixed at 97%,
assuming no outbreak condition (20,21). For each method,
the day of an outbreak on which an alert was first generated
was recorded. Sensitivity (true alerts/outbreaks) across all simu-
lated series for each syndrome and the timeliness for each
method (i.e., the percentage of the first alert per day of out-
break) were compared among the alternative approaches. The
three performance criteria (sensitivity, specificity, and timeli-
ness) were reported and compared through the Wilcoxon
signed rank or Friedman nonparametric tests. Bonferroni-
adjusted α* are reported. The methods mentioned here have
been used in syndromic surveillance and were evaluated in
this syndromic data series.

The temporal aberration detection (TAD) approach used
by the Early Aberration Reporting System (EARS), a program
provided by CDC to all interested health departments, uses
cumulative sum (CUSUM) methods from the quality-
control literature. CUSUM compares the proportion of syn-
drome counts to total visits on each of the most recent 3 days
to the mean proportion plus 1 standard deviation, during a
7-day moving baseline. CUSUM of positive differences is cal-
culated based on a 3-day interval, and an alert is considered to
occur if it exceeds 2 standard deviations (2,22,23). Time-
series methods (e.g., autoregressive integrated moving aver-
age [ARIMA] time-series models) were proposed for describing
10-year syndromic data from a major Boston-area hospital
(20,21). Different filters were evaluated in data sets with simu-
lated outbreaks, using a fixed specificity rate of 97%. The lin-
ear 7-day filter proved superior in simulations (20). Standard
one-sided CUSUM methods have also been proposed for
detecting outbreaks in surveillance data (19,28).

Simulation Schema
For evaluation of the performance of the proposed meth-

odology, 100 simulated series were created. The original time

series of counts is considered to include no outbreaks. A sce-
nario involving a terrorist attack depends on the biologic agent,
quality, and quantity released; the method of dispersion; and
population characteristics. A 4-day outbreak was chosen to
represent a probable period between symptom presentation
and diagnosis (i.e., the window of opportunity for possible
earlier detection because of syndromic surveillance) (31).
However, different durations of that window are also possible.

Each simulated time series was produced by randomly
injecting 4-day–long outbreaks to the original time series of
daily counts for each syndrome of interest with probability of
15% per day (leading to 18.5 4-day outbreaks on average
among simulated series). An outbreak led to duplication of
the observed counts of the syndrome for that day (respiratory
infection: median size = 27; 5th and 95th percentiles: 24, 29
and gastroenteritis: median size = 15; 5th and 95th percen-
tiles: 14, 16). Two adjacent outbreaks were forced to be >15
days apart to ensure that a previous outbreak did not adversely
affect the alert-detection mechanism of the next (20). The
detection algorithms should detect an outbreak as if it is the
first one that occurs in the original time series.

An outbreak was considered successfully detected if an alert
was generated on >1 day of the outbreak. Alternative patterns
of outbreaks were also examined, including 1) constant
increase for all 4 days, equal to the median counts of the syn-
drome (23.5 for respiratory infection with fever and 15.5 for
gastroenteritis) or 2) constant increase for all 4 days, equal to
the 75th percentile of the counts of the syndrome (35 for res-
piratory infection with fever and 22 for gastroenteritis); 3) lin-
ear increase for the 4 days: (increase of one median/day); 4)
exponential increase for the 4 days: increase of 1, 1.5, 2.5,
and 4 medians for day 1–4, respectively; or 5) exponential
increase for the first 3 days (1, 1.5, 2.5 medians) and subse-
quent decrease on day 4. All statistical computations were
performed by using SAS® software, version 8.2 (32).

Results
The original 13-month time series for four major hospitals

in metropolitan Athens sharing the same catchment area for
the respiratory infection with fever and gastroenteritis (diarrhea,
vomit) without blood syndromes were used to illustrate and
evaluate the proposed method. A total of 305,039 ED visits
(mean: 770/day) were recorded during August 2002–August
2003 in these hospitals. The corresponding mean total syn-
drome counts were 26 and 15 per day for each syndrome,
respectively.

The six different standardization estimates already described
for the Pulsar algorithm, leading to different threshold speci-
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TABLE 1. Sensitivity and specificity of the Pulsar approach for respiratory infection with fever and gastroenteritis (diarrhea,
vomit) without blood syndromes (simulated series)

Syndrome
Respiratory infection with fever Gastroenteritis (diarrhea, vomit) without blood

       Sensitivity       Specificity      Sensitivity            Specificity
Method        Mean  (SE*)  Median (Min–Max†) Mean   (SE)  Median (Min–Max)      Mean   (SE)   Median (Min–Max)     Mean  (SE)  Median (Min–Max)
Pulsar analysis
Model 1§ 0.854 (0.0071) 0.85 (0.667–1) 0.981 (0.0004) 0.981 (0.972–0.991) 0.812 (0.0074) 0.818 (0.625–1) 0.982 (0.0003) 0.981 (0.975–0.991)
Model 2¶ 0.744 (0.0081) 0.737 (0.5–0.9) 0.982 (0.0004) 0.981 (0.972–0.991) 0.768 (0.0088) 0.771 (0.55–1) 0.978 (0.0004) 0.978 (0.972–0.988)
Model 3** 0.656 (0.009) 0.649 (0.45–0.895) 0.985 (0.0004) 0.985 (0.975–0.997) 0.536 (0.0112) 0.538 (0.211–0.789) 0.991 (0.0004) 0.991 (0.981–1)
Model 4†† 0.523 (0.0104) 0.5 (0.263–0.842) 0.987 (0.0004) 0.988 (0.976–0.997) 0.496 (0.0109) 0.5 (0.2–0.789) 0.99 (0.0004) 0.991 (0.981–1)
Model 5§§ 0.718 (0.0089) 0.722 (0.5–0.9) 0.993 (0.0004) 0.994 (0.979–1) 0.701 (0.0101) 0.706 (0.375–0.944) 0.991 (0.0004) 0.991 (0.981–1)
Model 6¶¶ 0.719 (0.0093) 0.737 (0.5–0.9) 0.992 (0.0004) 0.994 (0.982–1) 0.7 (0.0104) 0.706 (0.375–0.944) 0.99 (0.0005) 0.991 (0.978–1)

* Standard error.
† Minimum–Maximum.
§ Standardization by the standard deviation of the original series.
¶ Standardization by the mean absolute deviation of the original series.

** Standardization by the 7-day moving standard deviation of the simulated series.
†† Standardization by the 7-day mean absolute deviation of the simulated series.
§§ Standardization by the 7-day moving standard deviation of the simulated series with a 3-day lag.
¶¶ Standardization by the 7-day mean absolute deviation of the simulated series with a 3-day lag.

fications, were compared. The best approach for both syn-
dromes with respect to the achieved sensitivity was the one
that used the standard deviation in the original series (Table 1;
see Model 1). The corresponding parameter d to the G(1),
G(2), and G(3) thresholds was 0.5 and 1 for respiratory infec-
tion with fever and gastroenteritis (diarrhea, vomit) without blood
syndromic series, respectively, whereas α was set equal to 0.10
for both syndromes. The standardized residuals from the
original time series and from a sample simulated series (num-
ber 10) for each syndrome along with the thresholds are
illustrated (Figure 1).

The TAD approach was used both on the count series and
on the proportion of counts of syndromes to total ED visits
(2,22,23). The results for the count series were superior to
those for the proportion series. The fixed specificity of 97%
in the original time series of counts, for both syndromes, was
reached by using 3 standard deviations for the alert mecha-
nism (Model 1) instead of the 2 used in EARS (Model 2)
(2,22,23) (Table 2).

ARIMA models were used for describing the 13-month
original series of syndromic data (20,21). For respiratory infec-
tion with fever, the autoregressive (AR) order, the moving
average (MA) order, and the integration (I) order were all equal
to 4 days. Weekend was also statistically significant and used
as an explanatory variable in the model. For gastroenteritis
(diarrhea, vomit) without blood, AR = 4 days, MA = 2 days,
and I = 4 days. The filters evaluated were seventh-order MA
(Model 1), seventh-order linear average (Model 2), and sev-
enth-order exponential average (Model 3). The threshold was
again set so that specificity of 97% was achieved in the origi-
nal time series, and the best filter regarding sensitivity was the
seventh-order MA filter (Model 1). The corresponding thresh-
olds are equal to probit(1-α/7) and probit(1-α/8) for each
syndrome, respectively, with α equal to 0.10.

For the one-sided CUSUM method used here, a 7-day
moving average and standard deviation used for standardiza-
tion proved superior to the standard approach (19,28). The
cumulative sum was calculated by St = max{0,(S(t-1)+zt-k)},
where k = 0.5. The specified threshold h was set so that speci-
ficity 97% was achieved in the original time series, and the
corresponding values for the two syndromes were set to 3.5
and 2.75, respectively (Model 1). A second approach employ-
ing values from the literature that actually minimize the aver-
age run length (ARL) of the process was also used (k = 0.5 and
h = 2.5) (19) (Table 2).

The sensitivity and specificity of the alternative methods
(TAD, the time-series approach, and CUSUM) were com-
pared (Table 2). Performance criteria for the best models with
respect to sensitivity for each approach, among the ones using
a set specificity of 97% in the original time series, are directly
compared (Figures 2 and 3). Box-plots of the model’s sensi-
tivity and specificity (Figure 2) and timeliness (Figure 3) are
presented.

The Pulsar approach fared well in comparison with the other
methods for each evaluation criterion. In particular, mean sen-
sitivity was statistically significantly higher (Bonferroni α* =
0.0056) for the Pulsar approach when compared with the other
approaches for both syndromes (Wilcoxon signed rank,
p<0.001 for all comparisons). Furthermore, mean specificity
for the Pulsar method was significantly higher (Bonferroni α*
= 0.0056) than the specificity of the one-sided CUSUM
method (Wilcoxon signed rank, p<0.001). This finding holds
for both syndromes examined. In addition, in the case of res-
piratory infection with fever, the specificity of Pulsar was sig-
nificantly higher than the specificity of TAD (Wilcoxon signed
rank, p<0.001), whereas in the case of gastroenteritis, the speci-
ficity of Pulsar was higher than the specificity of the ARIMA
approach (Wilcoxon signed rank, p<0.001). No other signifi-
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* Standardization by the standard deviation of the original series.
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FIGURE 1. Time-series plots of standardized* residuals for the Pulsar method — G(1), G(2), G(3) thresholds and outbreaks
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cant differences regarding specificity between the Pulsar
method and the others were identified for either syndrome.
Timeliness for the first day (proportion of alerts at the first
day of an outbreak) differed significantly among the four
approaches (Friedman test, p<0.001) for both syndromes.
Timeliness of the Pulsar method was lower than the timeli-
ness of the ARIMA model (Wilcoxon signed rank, p<0.001;
Bonferroni α* = 0.0056). However, for respiratory infection
with fever, Pulsar’s timeliness was higher than TAD and
CUSUM (p<0.001), and for gastroenteritis, Pulsar’s timeliness

was higher than TAD’s (p<0.001). Results were similar when
the mentioned alternative patterns of outbreaks were used.

Discussion
This paper proposes an algorithm for outbreak detection in

the context of syndromic surveillance time-series data, based
on alert criteria for both height and breadth of signals (25).
The performance of the Pulsar approach and other suggested
methods for outbreak detection (19–23,28) were assessed
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TABLE 2. Sensitivity and specificity for alternative outbreak-detection approaches for respiratory infection with fever and
gastroenteritis (diarrhea, vomit) without blood syndromes (simulated series)

Syndrome
Respiratory infection with fever Gastroenteritis (diarrhea, vomit) without blood

       Sensitivity       Specificity      Sensitivity            Specificity
Method        Mean  (SE*)  Median (Min–Max†) Mean  (SE)   Median (Min–Max)      Mean   (SE)    Median (Min–Max)   Mean   (SE)  Median (Min–Max)
Temporal aberration detection
Model 1§ 0.774 (0.0098) 0.778 (0.526–0.947) 0.977 (0.0008) 0.978 (0.956–0.99) 0.701 (0.0088) 0.696 (0.471–0.889) 0.981 (0.0007) 0.981 (0.956–0.997)
Model 2¶** 0.912 (0.0067) 0.914 (0.737–1) 0.955 (0.001) 0.955 (0.931–0.975) 0.831 (0.0082) 0.833 (0.611–1) 0.957 (0.001) 0.956 (0.924–0.978)

Auto-regressive integrated moving average
Model 1†† 0.738 (0.0083) 0.737 (0.5–0.9) 0.981 (0.0005) 0.981 (0.969–0.997) 0.679 (0.01) 0.684 (0.35–0.867) 0.979 (0.0005) 0.979 (0.966–0.991)
Model 2§§ 0.667 (0.0088) 0.667 (0.5–0.895) 0.978 (0.0005) 0.978 (0.969–0.994) 0.629 (0.0105) 0.637 (0.35–0.833) 0.976 (0.0005) 0.975 (0.963–0.988)
Model 3¶¶ 0.55 (0.0096) 0.55 (0.3–0.737) 0.979 (0.0005) 0.979 (0.969–0.997) 0.57 (0.0106) 0.579 (0.294–0.8) 0.975 (0.0003) 0.975 (0.966–0.985)

Cumulative sum
Model 1*** 0.711 (0.011) 0.706 (0.444–0.895) 0.926 (0.0023) 0.923 (0.877–0.978) 0.728 (0.0095) 0.737 (0.474–0.941) 0.94 (0.0015) 0.941 (0.906–0.975)
Model 2**††† 0.84 (0.0088) 0.842 (0.6–1) 0.87 (0.0029) 0.869 (0.803–0.946) 0.781 (0.0091) 0.789 (0.556–0.947) 0.927 (0.0016) 0.927 (0.887–0.96)

* Standard error.
† Minimum–Maximum.
§ Specificity set at 97%.
¶ Threshold of 2 standard deviations.

** Models presented only for purposes of illustration.
†† 7-day moving average filter.
§§ 7-day linear filter.
¶¶ 7-day exponential filter.
*** Specificity set at 97%.

††† Threshold set so that k = 0.5 and h = 2.5.

through simulations on the basis of direct comparison of sen-
sitivity, specificity, and timeliness. For these performance cri-
teria, Pulsar appears to be at least as effective as the other
methods.

The Pulsar approach, first suggested for studying of epi-
sodic hormonal secretion, was successfully used in the con-
text of syndromic surveillance data. Syndromic data are
expressed initially in signal-to-noise units; then, through an
iterative process, peaks are identified. Point elevations that are
substantially high or elevations only moderately high but span-
ning multiple points in width are identified as peaks. The
thresholds for peak detection are determined probabilistically
on the assumption of normally distributed residuals. The idea
of stochastically determining the thresholds is extended to the
other methods under comparison. The thresholds are chosen
so that a specificity of 97% is achieved in the original
syndromic time series (20,21).

In the simulated data sets, the 97% specificity was most
closely reproduced when using the Pulsar method as com-
pared with the other methods (Tables 1 and 2). Sensitivity for
the chosen Pulsar model (Model 1) for respiratory infection
with fever ranged from 67% to 100%, with a mean of 85%,
whereas sensitivity for gastroenteritis (diarrhea, vomit) without
blood ranged from 62.5% to 100%, with a mean of 81%. The
mean sensitivity for the Pulsar approach was higher than the
sensitivity for the other methods. This method compared well
with the others as far as specificity. All methods held specific-
ity close to the 97% benchmark, with the exception of the
one-sided CUSUM. In all methods evaluated, the higher per-
centage of alerts was generated on the first day of the out-

break with the exception of the TAD model, for which alerts
occurred with similar frequency on the first 3 days of the out-
break. The ARIMA model exhibited the best timeliness results,
followed by the Pulsar approach.

Of note, the performance evaluation criteria led to uniformly
worse results for all methods when applied to the daily pro-
portion of syndrome counts to total visits as opposed to syn-
drome counts. Methods adapted to proportion are under
investigation and could be evaluated simultaneously. In addi-
tion, a specific simulation schema was used to compare meth-
ods, with varying outbreak sizes of fixed duration affecting
the generalization of the comparison under other simulation
settings. However, the critical comparison is always the one
based on the detection performance of real outbreaks (33).
Finally, this analysis did not consider other methods that have
been proposed for analysis of syndromic data (34,35), includ-
ing spatial statistical methods (e.g., spatial scan statistic,
Bayesian approaches, and multivariate methods) (36–40).

Conclusion
The performance results of the Pulsar method are overall

comparable with the other methods examined for the specific
simulation schema used. The simplicity of the algorithm, its
ability to be modified regarding choice of standardization and
distributional assumptions for the signal-to-noise ratio, and
its ability to detect peaks based not only on height but also on
width (which more closely addresses the epidemic shapes that
one would expect to last for >1 day) make it a promising can-
didate for further use in syndromic surveillance. The abrupt
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FIGURE 2. Box plots of sensitivity and specificity of 100 simulated series for respiratory infection with fever and gastroenteritis
(diarrhea, vomit) without blood syndrome counts
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increase in population anticipated for the Athens 2004 Olym-
pic Games will provide an ideal prospective surveillance set-
ting for comparing the behavior of all proposed methods
regarding alert mechanisms.
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