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SYNOPSIS

Objectives. We evaluated a real-time ambulatory care-based syndromic surveil-
lance system in four metropolitan areas of the United States. 

Methods. Health-care organizations and health departments in California, Mas-
sachusetts, Minnesota, and Texas participated during 2007–2008. Syndromes 
were defined using International Classification of Diseases, Ninth Revision 
diagnostic codes in electronic medical records. Health-care organizations trans-
mitted daily counts of new episodes of illness by syndrome, date, and patient 
zip code. A space-time permutation scan statistic was used to detect unusual 
clustering. Health departments followed up on e-mailed alerts. Distinct sets 
of related alerts (”signals”) were compared with known outbreaks or clusters 
found using traditional surveillance. 

Results. The 62 alerts generated corresponded to 17 distinct signals of a 
potential outbreak. The signals had a median of eight cases (range: 3–106), 
seven zip code areas (range: 1–88), and seven days (range: 3–14). Two signals 
resulted from true clusters of varicella; six were plausible but unconfirmed 
indications of disease clusters, six were considered spurious, and three were 
not investigated. The median investigation time per signal by health depart-
ments was 50 minutes (range: 0–8 hours). Traditional surveillance picked up 
124 clusters of illness in the same period, with a median of six ill per cluster 
(range: 2–75). None was related to syndromic signals.

Conclusions. The system was able to detect two true clusters of illness, but 
none was of public health interest. Possibly due to limited population cover-
age, the system did not detect any of 124 known clusters, many of which were 
small. The number of false alarms was reasonable. 
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The past decade has seen the development of dozens 
of syndromic surveillance systems, both domestically 
and internationally. Although a crucial impetus was 
U.S. governmental concern about bioterrorism, an 
important goal of syndromic surveillance has been 
the timely detection of naturally occurring disease 
outbreaks to augment health departments’ routine 
surveillance methods. 

The need to evaluate these systems was recognized 
early,1,2 particularly in light of the diversion of resources 
to develop them and skepticism from some critics in 
the public health community.3 In the United States, 
most syndromic surveillance systems use emergency 
department (ED) encounter data,4 and a number of 
evaluations of these ED-based systems have been pub-
lished at the city,5,6 county,7 and state8 levels. While some 
disease outbreaks were detected, these studies found 
no outbreaks of public health significance that were 
missed by existing traditional surveillance systems. 

Use of electronic medical record data from ambu-
latory care settings for syndromic surveillance, which 
might capture more episodes of illness—and possibly 
in earlier stages—is less common. Analyses using diag-
nostic codes from ambulatory care episodes and from 
ED episodes from the same overall patient population 
yield different sets of signals,9,10 and one data source 
may be better than the other for detecting some out-
breaks of naturally occurring disease. 

The multisite, ambulatory care-based system 
described in this article was developed over the course 
of several years, with an original goal of detecting and 
reporting unusual geographic and temporal clusters 
of ambulatory care encounters for acute illness that 
might represent the initial manifestations of a bioter-
rorism event. Its establishment required major effort 
on the part of informaticians, programmers, statisti-
cians, epidemiologists, public health officials, and 
administrative support staff. The development work 
included (1) designing a system to allow transmission 
of aggregate data to a central data repository, while 
leaving patient-level data at the respective health-care 
organization in a form easily accessible in the event 
of a signal; (2) supporting the use of data-processing 
software by multiple remote users; (3) evaluating dif-
ferent statistical techniques, models, and parameter 
settings to adjust for the natural variation in disease 
occurrence; (4) designing a website to display results 
and data to participants; and (5) automating alert-
ing.11–13 This collaboration produced a number of 
retrospective analyses, including comparisons of signals 
with known gastrointestinal (GI) illness outbreaks14 and 
with indicators from an existing influenza surveillance 
system.15

System evaluation during real-time operation is a 
more definitive approach than retrospective evalua-
tion, as it involves investigation of freshly identified 
clusters, likely to be carried out more assiduously 
and with greater access to supplemental surveillance 
information than investigation of old clusters. We 
describe results of such an evaluation of our real-time 
ambulatory care-based syndromic surveillance system 
in four metropolitan areas during up to one year of 
surveillance. The system was evaluated in terms of 
ability to detect disease outbreaks or clusters worthy of 
health department attention, number of false alarms, 
and time expended investigating signals. 

METHODS 

Population and participating organizations
The population covered by the surveillance system was 
approximately one million. The four locations, with 
their data providers and collaborating health depart-
ments, were greater Boston, Massachusetts (Harvard 
Vanguard Medical Associates and Massachusetts Depart-
ment of Public Health); greater Minneapolis–St. Paul, 
Minnesota (HealthPartners and Minnesota Department 
of Health); greater Austin, Texas (Austin Diagnostic 
Clinic and Austin Regional Clinic, Austin/Travis 
County Health and Human Services Department); 
and San Mateo County, California (Kaiser Permanente 
Northern California and San Mateo County Health 
Department). Table 1 shows, for each surveillance 
area, the population in the surveillance system and the 
proportion it comprised of the total population. 

Surveillance period
For three of the sites, the surveillance period was one 
year, including most of 2007: California’s period was 
from January 22, 2007, to January 21, 2008; the surveil-
lance period in Minnesota and Texas was from Febru-
ary 8, 2007, to February 7, 2008. In Massachusetts, an 
error was inadvertently introduced after four months 
of real-time surveillance operation, which affected the 
types of encounters captured in the source data; this 
led us to shorten the surveillance period to the first 
four months: March 27 to July 26, 2007. 

Syndromes 
Nine syndromes defined by International Classifica-
tion of Diseases, Ninth Revision Clinical Modification 
(ICD-9-CM) codes were tracked: respiratory, influenza-
like illness (ILI), upper GI, lower GI, hemorrhagic, 
lesions, lymphadenopathy, neurologic, and rash. All 
except for ILI comprised a subset of the full code 
lists developed for these syndromes by a Centers for 
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Disease Control and Prevention (CDC)/Department 
of Defense working group in 2003.16 The full code lists 
were pared down to more specific definitions by the 
Massachusetts Department of Public Health, and the 
ILI definition was created in collaboration with that 
health department. 

CDC defines ILI as a fever of at least 100°F with 
cough or sore throat, in the absence of other con-
firmed diagnoses; this definition is used to determine 
the percentage of visits to sentinel providers that are 
for ILI, one of CDC’s influenza surveillance indica-
tors.17 Our ILI definition required (1) a fever of at 
least 100°F or, if there was no measured temperature, 
the ICD-9-cm code for fever, and (2) at least one of 
31 respiratory codes. These respiratory codes over-
lapped with but were not a subset of the respiratory 
syndrome codes. For example, codes for tracheitis and 
pneumonia were in common, but the ILI definition 
included various kinds of acute viral upper respiratory 
infection, influenza, and cough, which the respiratory 
illness definition did not. Counts for ILI were divided 
into three age groups: 0–4, 5–12, and 12 years of 
age; these were handled as separate “syndromes” for 
purposes of signal detection, although they differed 
only in terms of age group. The syndrome definitions 
are available from the authors upon request.

Data processes 
The raw data came from electronic medical records, 
in which primary care providers had recorded ICD-
9-cm codes during the routine delivery of care. Data 

managers at each site set up daily extraction of data 
conforming to uniform file specifications and installed 
data-processing software downloaded from the proj-
ect’s password-protected website. After initial setup, 
data processing was fully automated. Each night, the 
installed software identified from electronic medical 
records the day’s encounters with ICD-9-cm codes of 
interest, assigned encounters to syndromes, ignored 
repeat visits occurring within six weeks of a visit for 
a previously identified episode of illness in the same 
syndrome, and assigned the remaining new episodes 
of illness to the zip codes where the affected people 
lived. Each site automatically transmitted the resulting 
aggregate data—counts of episodes by syndrome, date, 
and zip code—to a central data repository on a daily 
basis. Patient-level data remained at their respective 
sites, including line lists from which the relevant cases 
for chart review could be identified in the event of 
an alert. At the central data repository, the data were 
analyzed for unusual clustering of cases in time and 
space (method discussed later in this article), again, in 
a largely automated way. These procedures have been 
described more fully elsewhere.11,12,18,19

Terminology 
We use the following terminology: 

•	 An alert is the notification that went to the 
health department when a statistically significant 
group of cases (clustered in space and time) was 
detected. Sometimes there were multiple alerts 
on consecutive days for the same syndrome at 

Table 1. Health-care organizations, health departments, surveillance areas, and populations  
included in an evaluation of a syndromic surveillance system, 2007–2008 

State

Data-providing 
health-care 

organization(s)
Collaborating  

health department Surveillance area

Population served 
by health-care 

organization within 
surveillance area

Proportion of 
surveillance area’s 
total population 

included (percent)

Massachusetts Harvard Vanguard 
Medical Associates

Massachusetts 
Department of  
Public Health

Greater Boston areaa 275,000 8

Minnesota HealthPartners Minnesota 
Department of Health

Greater Twin Cities area 285,000 10

Texas Austin Diagnostic 
Clinic

Austin/Travis County 
Health and Human 
Services Department

Austin and Travis County 91,000 10

Texas Austin Regional Clinic Austin/Travis County 
Health and Human 
Services Department

Austin and Travis County 180,000 20

California Kaiser Permanente 
Northern California

San Mateo County 
Health Department

San Mateo County 178,000 25

aThe surveillance area was defined as all towns for which at least 5% of the residents used Harvard Vanguard Medical Associates, plus the 
adjacent towns. This set forms a contiguous area consisting of metropolitan Boston, suburbs and, in the outer ring, semirural areas.



114    Research Articles

Public Health Reports  /  January–February 2010  /  Volume 125

approximately the same geographical location, 
with many cases in common. 

•	 A signal is a group of such overlapping alerts, rep-
resenting a single potential disease outbreak. 

•	 Outbreak and cluster are used somewhat inter-
changeably, and often together, to refer to a 
plausibly related set of cases recognized by a 
health department, although cluster occasionally 
means a merely statistically identified group of 
cases found by our surveillance system, in which 
case we make that explicit. 

Statistical signal detection method 
To detect unusual groupings of cases, we applied the 
space-time permutation scan statistic20 to each organi-
zation’s data, so data from the two Austin health-care 
organizations were analyzed separately. This non-
parametric method required minimal assumptions and 
adjusted for any purely spatial and purely temporal 
variation. In other words, if a certain zip code was 
associated with consistently more visits than others or 
there were uniform increases or decreases in illness 
across a data-providing organization’s whole catchment 
area, no signals would result. 

As parameter settings, we used the previous 365 
days as historical data, a maximum scanning window 
of 14 days (allowing for detection of outbreaks lasting 
between one and 14 days), a maximum geographic 
circle size of 50% of the population, and 9,999 Monte 
Carlo replications. If, during a single daily statistical 
analysis, multiple geographically overlapping groups of 
cases were detected for a particular syndrome, only the 
most unusual (“primary”) one was reported. 

The measure of statistical aberration used was the 
recurrence interval (RI), the inverse of the p -value.21 
The criterion for an alert was RI365 days, meaning 
that the event in question would be expected to occur 
by chance alone no more often than once a year for 
that particular syndrome and health organization. This 
alerting criterion, together with the fact that 9,999 
Monte Carlo replications were implemented in the 
analyses, meant that the range of possible RIs for any 
statistically identified cluster was 365–10,000 days. We 
also required that there be at least three cases for an 
alert to be sent. We conducted the statistical analyses 
using SaTScan™ software.22

Alerting
The detection of a statistically significant cluster during 
the daily scanning generated an automated alert by 
e-mail from the central data repository to designated 
staff at the respective health department. Informa-
tion in the alerts included date(s), town/zip code(s) 

of patient residence, syndrome, number of cases by 
date and zip code, relative risk, RI, and a unique alert 
identification number. Alerts overlapping in time and 
space with previous alerts were clearly labeled (e.g., 
“This alert has been identified to overlap with alert(s) 
78289 . . .”).

Minnesota alerts for upper and lower GI signals 
were sent to a foodborne illness specialist at the Min-
nesota Department of Health. Minnesota alerts for 
other syndromes went to the clinical responder at 
HealthPartners Research Foundation. Each of the 
other health departments received all alerts for its 
respective jurisdiction.

Response 
The response to alerts depended on the judgment of 
health department staff. Sometimes no follow-up was 
considered necessary. Often, the health department 
contacted a designated clinical responder at the health-
care organization whose data had generated the alert, 
and this responder accessed the automatically created 
line lists for each day of the alert to provide specific 
diagnoses and demographic information on the cases 
involved in the alert. Medical records, whose num-
bers were provided in the line lists, were occasionally 
reviewed by the clinical responder at the health-care 
facility or by health department personnel.

Evaluation 
Details contained in the alerts were automatically 
recorded by the system’s central data repository; 
health department staff reported the time expended 
investigating each alert and their findings in Micro-
soft® Excel. (Investigation time on the part of clini-
cal responders at the health-care organizations was 
not recorded.) Data elements collected for known 
outbreaks or clusters included syndrome, pathogen if 
known, date(s), location(s), case counts, and free-text 
comments. We included in the count of known out-
breaks/clusters all those in which missing data elements 
made eligibility unknown (eligibility criteria are listed 
later in this article) or prevented us from identifying 
duplicate records. This inclusive approach may have 
led to a slightly inflated number of clusters, but any 
inaccuracy in this regard would not have affected our 
conclusions. 

Traditional surveillance 
The outbreaks or clusters found by traditional sur-
veillance included in this analysis were those that (1) 
presented as at least one of the syndromes under sur-
veillance, (2) warranted an investigation by the health 
department, (3) occurred at least partially within the 
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surveillance area and surveillance period, (4) consisted 
of at least two plausibly linked cases, and (5) did not 
occur in institutions likely to have their own health-
care services, such as long-term-care facilities, prisons, 
or colleges/residential schools. These criteria were 
established a priori. 

RESULTS

Overall, during 12 months of surveillance in three 
areas and four months of surveillance in the fourth, 
there were 62 alerts grouped into 17 distinct signals, 
with a median of two alerts per signal (range: 1–16). 
There was at least one signal in each syndrome type 
except lymphadenopathy. Taking as representative of 
a multi-alert signal the constituent cluster with the 
highest RI and, if there were ties, the highest number 
of cases and, if there were still ties, the earliest end 
date, the median number of cases per signal was eight 
(range: 3–106), the median number of zip code areas 
per signal was seven (range: 1–88), and the median 
number of days per signal was seven (range: 3–14, with 
14 the maximum possible, given the 14-day scanning 
window). RIs ranged from 385 to 10,000 days (the 
maximum possible).

Details of each signal are shown in Table 2. Of the 
17 signals, two were investigated and judged to be true 
clusters, six were investigated and the cases appeared 
unrelated, six were not rigorously investigated but 
considered plausible (i.e., thought to be consistent 
with seasonal outbreaks of respiratory disease and 
norovirus), and three were not investigated. The two 
rash signals, one in California and one in Massachu-
setts, reflected true clusters of varicella, mostly break-
through illness (i.e., occurring despite vaccination and 
usually mild), although one of the four Massachusetts 
cases had been miscoded and was not a true case. As 
these were neither hospitalized cases nor associated 
with known outbreaks, epidemiologists in the respec-
tive health departments did not consider the signals 
worthy of investigation beyond an initial brief assess-
ment. Regarding depth of investigation, seven signals 
(41%) led to chart review (one of which also involved 
patient interviews), five (29%) involved consultation 
of the line list only, and five (29%) led to neither line 
list nor chart review.

The eight true or plausible signals differed from 
the six that were determined not to be true in the fol-
lowing ways: more cases (median 5 17.5, range: 3–106 
vs. median 5 8, range: 3–36), smaller geographic area 
(median 5 2 zip code areas, range 1–88 vs. median 5 
9, range: 1–32), and higher RI (median 5 6,000 days, 
range: 667–10,000 vs. median 5 646, range: 385–1,667). 

True/plausible signals also seemed slightly shorter in 
length than those considered not true (median 5 10 
days, range: 3–14 vs. median 5 12, range: 4–14).

The longest and largest signal in terms of number 
of cases and geography was for lesions in Massachusetts 
in the spring of 2007. All 24 cases sampled for chart 
review consisted of uncomplicated tick bites (none 
qualified for a diagnosis of Lyme disease). It could 
not be determined whether the signal was caused by 
an actual increase in tick bites in the affected area, an 
increase in concern about ticks or Lyme disease that 
influenced people’s health-seeking behavior there, 
or simply chance, although the health department 
reported having received several press requests about 
Lyme disease in early to mid-May, the period of the 
signal. Of possible relevance is the fact that the number 
of confirmed reported cases of Lyme disease in the state 
increased by 35% (n5875) between 2006 and 2007; 
perhaps tick populations and/or public awareness of 
the dangers of deer-tick bites grew.

Excluding the four non-GI signals in Minnesota, 19.2 
hours of health-department person-time were spent 
investigating 13 signals—2.2 hours for three signals in 
California, 6.5 hours for six signals in Texas, 8 hours 
for one signal in Minnesota, and 2.5 hours for three 
signals in Massachusetts. The median investigation time 
per signal was 50 minutes. The eight-hour investiga-
tion was conducted by the Minnesota Department of 
Health, which attempted to contact by phone all 36 
patients in that lower-GI signal, in addition to checking 
for similarities between those cases and cases identified 
in other outbreak investigations. 

Using traditional surveillance methods in the four 
regions, there were 117 eligible GI illness clusters (or 
outbreaks) and seven eligible respiratory clusters (or 
outbreaks), distributed as follows: four GI clusters with 
eight to 43 ill in San Mateo County; five GI clusters 
with four to 75 ill and three respiratory clusters with 
two to seven ill in Austin/Travis County; 44 GI clusters 
with two to 17 ill and four respiratory clusters with two 
to 12 ill in greater Boston; and 64 GI clusters with two 
to 66 ill in greater Minneapolis–St. Paul. The median 
number ill per cluster was three for respiratory clusters, 
most of which consisted of just a few epidemiologically 
linked cases of pertussis, seven for GI clusters, and six 
for all clusters. 

Of the 13 signals of which health departments 
were alerted, none was related to any of the eligible 
outbreaks or clusters reported and none was deemed 
of public health concern, notwithstanding the two true 
varicella clusters. 

Given the RI365-day alerting criterion, there 
should by chance alone be one false alert per syndrome 
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per year for each of the five organizations. Considering 
the number of syndromes and the length of surveil-
lance, this translates to an estimated 36 false alerts by 
chance for the whole system (not all syndromes were 
tracked for all five data-providing organizations), com-
pared with 62 alerts observed. If we had instead used 
an alerting threshold of RI10,000 days, 1.3 false alerts 
would have been expected, compared with 15 alerts 
observed. These 15 alerts belonged to four discrete 
signals, of which one was judged true and three were 
judged plausible outbreaks. One of these three was 
the Massachusetts tick-bite cluster, which contributed 
10 of the 15 alerts with RI10,000 days. The other two 
plausible signals were assumed by health department 
staff to be related to ILI and norovirus known to be 
circulating in the respective communities.

DISCUSSION

This ambulatory care-based syndromic surveillance sys-
tem did not identify any disease clusters of interest to 
the corresponding public health agencies during up to 
one year of real-time operation in four geographically 
disparate metropolitan areas. Why did we not detect any 
of the clusters found through traditional surveillance, 
given that there were dozens in two of the surveillance 
areas and that the system was capable of detecting at 
least two clusters of true disease? A number of factors 
may have been involved: 

•	 Patterns in infectious disease occurrence during 
the surveillance period: The fewer or smaller 
the outbreaks and/or the less severe the disease, 
the lower the chances of detecting an outbreak. 
For example, San Mateo County had only four 
noninstitutional outbreaks/clusters during the 
surveillance year, all due to either confirmed 
or probable norovirus, for which many of the 
affected typically do not seek medical care.14 The 
largest of these was in the setting of a children’s 
center, with 43 ill, and it was noted that the dura-
tion of symptoms was short and there were no 
hospitalizations. The median outbreak/cluster 
size for all jurisdictions combined was only six.

•	 Population coverage of the participating health-
care organizations: In Minnesota, at least some 
of the reported eligible outbreaks/clusters of 
GI illness were not tiny, were localized in time 
and space, and likely or certainly led to patients 
seeking care at health-care organizations, all of 
which would have favored their detection. They 
included an outbreak of Escherichia coli O157:H7 
from a pig roast, with 26 ill; Shigella sonnei in 
two day care centers, with about 20 medically 

attended cases; and an outbreak of Salmonella 
Muenchen of unknown origin, with 20 ill. How-
ever, HealthPartners covered only about 10% 
of the population in the Minneapolis–St. Paul 
area. If 10% of the 20 medically attended cases 
of Shigella sonnei in the day care centers sought 
care at HealthPartners, it would have been very 
difficult to detect this as a statistically significant 
increase in a syndrome as common as lower GI 
illness, even if the two cases had been in the same 
zip code. 

	   Unpublished simulation work using data from 
this surveillance system from previous years has 
shown very modest sensitivity to detect even large 
outbreaks (Unpublished report. Kleinman KP, 
Abrams AM, Yih WK, Heisey-Grove D, Matyas 
BT, Nordin JD, et al. A simulation experiment 
of syndromic surveillance of outpatient visits for 
public health surveillance of non-catastrophic 
events using multiple scenarios and replicated 
in four systems. 2008). It stands to reason that 
better coverage would improve sensitivity, but at 
what level of coverage sensitivity would improve 
remains to be demonstrated.

•	 Type of spatial data captured: Zip code of resi-
dence may not be the most relevant spatial data 
to use, especially in urban areas where people 
often are exposed at or near their workplace, 
school, or day care center.

•	 Type of medical encounter captured: Even where 
disease outbreaks were frequent, disease was 
severe enough to cause people to seek care, and 
participating health-care organizations had high 
population coverage, the ability of this system 
to detect outbreaks would depend on whether 
patients tended to seek care in ambulatory clinics 
as opposed to EDs. If some health-seeking patients 
chose the ED, the ability to detect a cluster in 
ambulatory care data would be diminished. 

•	 Syndrome definitions: Broad syndrome defini-
tions, which were intended to maximize sensitivity 
at the level of individual cases at the expense of 
specificity, can potentially decrease the signal-to-
noise ratio and obscure signals.23 Colleagues at 
the Massachusetts Department of Public Health 
scrutinized the definitions the system had been 
using since its inception and eliminated some 
codes. These more specific definitions were 
employed for all sites during the evaluation 
period. However, some syndromes were still 
quite broad (e.g., respiratory, lower GI) and, 
depending on one’s goal, could have been made 
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more specific to create, for example, a bloody 
diarrhea syndrome instead of lower GI.

•	 Inconsistencies in diagnostic coding: Mistakes 
or inconsistencies in diagnostic coding can lead 
to either the creation of false signals or the dis-
sipation of would-be real signals. An example of 
the former was the generation of false alarms 
in a hemorrhagic syndrome in the Electronic 
Surveillance System for the Early Notification of 
Community-Based Epidemics (ESSENCE) due to 
the diagnostic miscoding of patients undergoing 
anticoagulation therapy as having “coagulation 
defect, not otherwise specified.”24 An example of 
the latter appears in an evaluation by the New 
York City Department of Health and Mental 
Hygiene, in which 15 patients were transferred 
to a participating ED on one day during a GI 
illness outbreak (ultimately confirmed as due 
to norovirus) at their nursing home, and yet no 
signal was generated. Field investigation found 
that the ED had recorded visit dates spanning 
three days instead of one and had mistakenly 
entered the nonspecific (and non-GI-related) 
emergency medical service call type instead of 
chief complaint, which on chart review was found 
to be consistent with gastroenteritis for most of 
the patients.25 We do not know the extent to which 
miscoding caused false signals or suppressed real 
ones in our system.

•	 Aberration detection method: It is of course also 
possible that other cluster detection methods, 
whether spatio-temporal or purely temporal, 
might have performed better than the space-time 
permutation method used in this study.

On the positive side, two rash signals in two states 
were found to be associated with linked varicella cases—
evidence that the system is capable of detecting at least 
certain types of disease clusters or outbreaks. The num-
ber of expected false alarms at the selected threshold 
of RI365 days was 36, compared with 62 total alerts 
grouped into 17 signals, which corresponded to a 
mean of 0.47 signals per syndrome-jurisdiction during 
a one-year period. The 15 alerts that would have been 
seen had the highest threshold (RI10,000 days) been 
used were clumped into one true and three plausible 
signals of clusters or outbreaks.

CONCLUSIONs

In this collaboration among academia, health-care 
organizations, and state and local health departments, 
we evaluated the performance of an ambulatory care-

based real-time syndromic surveillance system in four 
geographically distant U.S. metropolitan areas over the 
course of a year. None of the 17 signals corresponded 
to clusters detected through traditional surveillance, 
nor did any lead to the discovery of new outbreaks of 
interest for public health. Of the 13 signals of which 
health departments were notified, the median inves-
tigation time per signal on the part of health depart-
ment staff was 50 minutes. Possible reasons that none 
of the otherwise known clusters was detected include 
contextual factors, such as lack of large or severe 
enough outbreaks during the surveillance period, as 
well as features of the surveillance system, such as lim-
ited population coverage and the particular syndrome 
definitions used. However, the system demonstrated 
its ability to detect real clusters of illness and did not 
generate an unreasonable number of false alarms. Its 
utility for early detection of large outbreaks, such as 
the Milwaukee cryptosporidiosis outbreak of 1993, is 
still untested. The application of these methods to 
electronic laboratory data, which are centralized and 
quite complete in many states, may also be a fruitful 
avenue to explore, moving from syndromic to patho-
gen-specific surveillance.
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