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Abstract

Introduction: In recent years, many syndromic surveillance systems have been deployed around the United States for the early
detection of biologic terrorism-related and naturally occurring outbreaks. These systems, including assessing aberration detec-
tion methods, need to be evaluated.

Objective: 1o evaluate several detection methods of the Early Aberration Reporting System (EARS) under serially correlated
syndromic data and to demonstrate the need for calibrating these methods.

Methods: In an initial evaluation of the Syndromic Tracking and Reporting System in Hillsborough County, Florida, serially
correlated syndromic data were simulated using statistical models in conjunction with real syndromic data. The detection
methods were tested against two patterns of simulated outbreaks. They were compared using a conditional average run length
and a receiver operating characteristic curve under defined patterns of detection signal.

Results: Increasing serial correlation inflates the false alarm rate and elevates sensitivity. Among the detection methods in
EARS, C2 and P-chart have the best overall ROC curve within the context of the simulations. C2 is least affected by the serial
correlation, the outbreak type, and the defined patterns of detection signal.

Conclusion: Evaluation of the detection methods needs to be adaprable to the constantly changing nature of syndromic surveil-
lance. Deployment of EARS and other methods requires adjusting the false alarm rate and sensitivity in accordance with the
syndromic data, the operating resources, and the objectives of the local system. For timely detection, C2 is superior to other
methods, including C3 under the simulation conditions. P-chart is the most sensitive when the serial correlation is negligible.

Introduction

The risk for biologic terrorism attacks has promoted the
development and deployment of syndromic surveillance sys-
tems in the United States and around the world (7). Most
systems use patient or consumer encounter data from mul-
tiple sources (e.g., hospital emergency departments (ED),
military facilities, or theme parks). Workplace absenteeism and
over-the counter drug sales are also being monitored for sta-
tistical aberrations. The data are converted to specified syn-
drome categories and analyzed to detect significant temporal
or spatial aberrations that deviate from the expected baseline
trends. Although some systems (2) conduct spatial analysis,
most use trend analysis to detect temporal aberrations.

Developed by CDC, the Early Aberration Reporting Sys-
tem (EARS) consists of a class of quality control (QC) charts,
including Shewhart chart (P-chart), moving average (MA),
and variations of cumulative sum (CuSum) (3). Many
syndromic surveillance systems use EARS for temporal aber-
ration detection (4); some also use other QC charts such as

exponentially weighted moving average (EWMA) (5,6). A
common characteristic in adopting these QC charts for
syndromic data analysis is the use of a sample estimate for the
baseline mean and standard deviation (SD). This approach
circumvents the difficulties associated with the modeling of
the baseline trend of the syndrome, a process complicated by
the discreteness, serial correlation, seasonality, and daily fluc-
tuation of the syndromic data. At present, understanding of
these methods within the context of syndromic data is lim-
ited and systematic evaluations of syndromic surveillance have
not been conducted.

In QC settings, serial correlations can substantially affect
the time length to the first aberration signal (Average Run-
ning Length [ARL]) when using such methods as CuSum and
P-chart (7,8). How serial correlation also could affect other
performance measures such as the false alarm rate (one minus
specificity) or the sensitivity (defined generally as the prob-
ability of successful detection [PSD] associated with a pattern
of signals) is unclear. Certain signal patterns or event detec-
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tion (e.g., signaling three days in a row) might provide more
information than a single day signal about the strength or
duration of the outbreak, thus guiding public health agencies
in designating the necessary follow-up investigation in response
to the strength of the signals (9). Simulation studies were con-
ducted to evaluate the sensitivity and specificity of a single
day signal for three EARS’ variations of CuSum (C1, C2, and
C3) (10) and a seasonally adjusted CuSum and an historical
limits method (71). However, these simulations assumed seri-
ally independent data, with the magnitude of aberrations rang-
ing between 1.65 to 51.0 times the baseline mean (10) or 2-3
times the baseline standard deviation. Seasonality was added
to simulated baseline data in the second study (77), but was
not modeled in the baseline mean. The simulation indicated
that C3 is superior to C2, without controlling for specificity.

This study focuses on the impact of serial correlation on the
PSD of selected

patterns of signals and compares the performance of five
common detection algorithms (P-chart, C2, C3, MA [em-
ployed in EARS], and EWMA [a general statistical QC chart
not included in EARS]). Two different outbreak patterns are
considered here. The comparisons are based on two criteria.
The first criterion is a conditional average run length (CARL)
given successful detection in a given time window. The sec-
ond is the receiver operation characteristic (ROC) curves. The
purpose is to provide guidance for selection of detection meth-
ods and to illustrate the need for calibrating the methods to
attain a required level of specificity and sensitivity.

Methods

Detection Algorithms

The QC charts in EARS use daily syndromic counts or in-
cidences (daily counts of a specific syndrome divided by total
ED volume for the day) y, between day t—K+1 and day t (cur-
rent day) to derive a monitoring statistic 7z, (4). The monitor-
ing statistic is

m,= Yy, m, =

1 & < o b
72)’»‘—/&1 5 and m, :(1_)\')27& 1},’*/”1)
K k=1 k=1

for P-chart, MA, and EWMA, respectively. P-chart uses the
current day only; MA is the average of K days before and
including the current day; EWMA is a weighted average of all
previous days with an exponentially decreasing weight given
to days further away from the present day. The system gener-
ates a signal if 7, exceeds a threshold ¢ 0, above the expected
level ,,. The PSD of a single alert (sensitivity) is the prob-
ability Pr(m, — u,, > ¢0,) given an outbreak. The constant ¢
determines the threshold in multiples of the standard devia-

tion 0,,. Because the distribution of 72, is complex, EARS
uses a sample estimate of % and 0, on the basis of data in a
baseline window of B days: VeBeg Vi-Bs - Vel gw1th agap
of g days before the present day t. Specécally,
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EARS also employs three variations of the CuSum method
(4) (C1, C2, and C3). C1 uses data from the current day only
and a baseline window of the preceding 7 days: day t—7 to t—1
(B=7 and g=0). If C1 generates a signal on day t, day t will
become a part of the baseline for day t+1, which might inflate
the corresponding baseline mean z,,, and reduce the PSD for
that day. C2 differs from CI1 by shifting the 7-day baseline
window to left with a gap of g=3 days. As a resul, its PSD of
signaling on day 2 and 3 is not affected by a signal on day 1.
Analytically, C1 and C2 are nearly equivalent in the absence
of outbreaks, but C2 is more sensitive than C1 in signaling a
continued outbreak past its onset. For this reason, C1 was not
evaluated.

C3 differs further from C2 by using a partial sum of posi-
tive daily deviations for the current and 2 previous days (t—1
and t—2):

_0-u,(0-0,0)"

m!
o, (1)
+ W, =D -0, (- )"
c,(t—1) o

Wi =, (t=2)-0,(t=2))"
o (1-2)

The superscript * truncates the quantity in the parentheses
to zero if its value is negative, and / assumes the value 0 if
y>p,+30, for (=1 and t=2) or 1 otherwise. Thus, C3
includes only the deviations that are 1-3 standard deviations
above its mean and will generate a signal if 7, is >2, the
default threshold in EARS. C2 exceeding the threshold of 3
implies the first component of 72, (C3) exceeds the threshold
of 2. In EARS, the sample estimate of mean P does not
adjust for seasonality (e.g. the day-of-the-week effects) of the
baseline. Ideally, seasonality can be filtered out before apply-
ing these methods to the data.

I,

Performance Measures

QC charts are traditionally evaluated with respect to the sen-
sitivity and false alarm rate (one minus specificity) of single day
detections (10,11). Because disease outbreaks probably are
associated with temporal patterns, corresponding patterns of
aberration signals should be considered. For example, with a
disease outbreak that persists at a high level of incidence or
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count for a number of days after onset, consecutive signals might
alert not only the onset but also the duration of the outbreak.
Such a pattern of signals is called a detection event. More
importantly, public health workers can use a detection event to
estimate the duration or strength of an outbreak and respond
accordingly. Therefore, detection events of composite detection
signals (e.g., the first or the first pair of consecutive signals) are
used to define sensitivity and false alarm rates, which are in
turn converted to receiver operation characteristic (ROC) curves
and used as an overall performance measure.

Average run length (ARL) also provides information on the
distribution of time to first signal. Analytical results on RL
distribution are difficult to obtain for the monitoring statistic
(12), so a conditional ARL is considered by assuming a detec-
tion event on the first day or the first two days (within the
first 4-5 days of the outbreak).

Simulations

Daily ED visit data were collected from a local hospital
during March 2002-December 2003. A common syndrome,
respiratory infection (RI), was chosen for simulation. The data
revealed an average daily visit of 155 patients (standard devia-
tion=32.6). Daily RI count was 5.96 on average, or 0.0319 in
incidence. The patient volume and RI count showed a lag-
one serial correlation between two consecutive observations
of 0.768 and 0.438, respectively. The lag-one correlation for
incidences was 0.323. The magnitude of these correlations is
expected for common syndromes; rare syndromes are less cor-
related. Ignoring the serial correlation can yield a misleading
level of sensitivity and false alarm rate. The data also indi-
cated day-of-week-effects (lower values on Friday and peaks
on Sunday and Monday). To evaluate the detection methods
as they are used in STARS, simulations did not incorporate
day-of-the-week effects in the baseline.

On the basis of these parameters derived from the RI data,
multilevel, generalized linear mixed-effects models (73) were
used to simulate the baseline of daily ED volume /V, and RI
count X,. Under the Poisson distribution for N, the daily mean
A, fluctuates around a constant A, with

log(4) = log(4,) +o._,.

Random effects o, characterize the variation, which are seri-
ally correlated through a classic autoregressive time series (AR1)
model

= @1 apq+ &€y
The errors {€, } are independent, normal N(0,0'%). Presently,

2,0 =155, I, = 0.8, and 0 = 0.479 are used to approximate
the observed parameters.

The simulation model for count X, uses a binomial distri-
bution B(VV, p,) given the volume /V, and incidence p,. The
incidence p, fluctuates around the baseline average p, through
the model

logit (p,) = logit (p,) + B,
with the random effects 3, also following an AR1 time series
model

B,=2,B, 1+ &,
The errors {g, } were independent, normal N(0,0'%). The RI
data suggestedpo =0.0319, @2 =0.699, and o, =0.315 (9.

Each simulation consists of 100 days of data {/V,, X}, and
the study involved 5,000 replications. Simulated incidences
yielded a sample serial correlation of 0.277 (SD=0.175).

Outbreak data were simulated under two patterns: a slow
building and a sudden surge trend. The slow-building trend
is characterized by a constant-pace increase in incidence that
peaks on day 4 as it rises to three times the incidence at baseline.
It then decreases at a constant rate back to the baseline by day
8. A norovirus outbreak that is spread from person-to-person
with a short incubation period of 12-50 hours could produce
such a pattern. The sudden-surge trend describes an elevation
of incidence to three times that of the baseline on day 1,
remaining at the same level for the following 3 days, then
dropping back to the baseline level on day 8 at a constant
rate. A foodborne salmonellosis outbreak is a good example
of an outbreak of such a pattern. If persons were exposed dur-
ing a 1-2 day window, many cases would be expected in a 3—
4 day period, with the cases declining over the next few days.
Secondary cases could occur as a result of person-to-person
transmission that could account for some of the cases occur-
ring during the end of the outbreak.

The magnitude for the simulated outbreaks was chosen at
three times that of the baseline; the actual size will depend on
several factors, particularly the size of the exposed popula-
tion. Syndromic cases were simulated using the same models
for the baseline but under the incidence parameters of the
designed outbreak pattern and size. Outbreak cases replaced
baseline data between day 81 and day 87. Simulations were
also conducted with zero serial correlation to further demon-
strate the impact of correlation.

Detection methods were tested against 5,000 replications
of the outbreak and nonoutbreak data during days 61-67.
The time periods of the outbreaks and nonoutbreaks were
chosen to ensure that the simulated data reached statistical
stability. The false alarm rate was calculated by the number of
detected events divided by the total possible number of detec-
tion events during the nonoutbreak period. PSD is estimated
identically, but over the outbreak period.
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Results
Conditional ARL

The probability of successful first detection on day one, two
(no alert on day 1), three, or four varies, along with the prob-
ability of first detection within the first four days of the slow-
building outbreak (Table 1). The detection algorithms were
calibrated by a varying threshold so that the probability of
false alert was approximately 0.05. Given the PSD within
4 days, the conditional average run length (CARL) is the
weighted average of the days to the first detection, with the
weight being the conditional probabilities of detection on each
day, given detection by day four. P-chart has the highest prob-
ability (0.97) of first signal within four days, and MA has the
lowest (0.32). Given detection by day four, CARL is 2.60 for
P-chart and 3.32 for EWMA (A=0.72). For a single day, C2 is
more likely to signal (PSD=0.18) than others on day 1,
P-chart on day 2 and 3 (0.33 and 0.37), and EWMA on day
4 (0.45).

With the detection event of first pair of consecutive signals,
CARL is the weighted average of PSD on days 1 and 2, 2 and
3 (but not day 1), up to days 4 and 5 (Table 2). The PSD
decreases with time for C2, C3, and P-chart, and increases for
EWMA.

With the sudden-surge outbreak, the PSD of first signal
(Table 3) and of first pair of consecutive signals (Table 4) is
decreasing with time, with the only exception being MA on
days 1 and2 (Table 3). For the event of day 1 signal, P-chart
has the highest PSD followed by C2. For the event of first
pair of consecutive signals, the five methods are comparable
on days land 2, but EWMA (A=0.464) retains a slightly higher
PSD on days 2 and 3.

ROC Curves

For the serially correlated baseline (p=0.277) with the slow-
building outbreak, the ROC curves of first detection occurred
on day 1 (Figure 1). Each marked point on an ROC curve

TABLE 1. Probability* of first alert within 4 days of a slow-building outbreak

Method Threshold Day 1 Day 2 Day 3 Day 4 Probability* CARLS
c2 2.56 0.18 0.27 0.25 0.15 0.85 2.44
C3 3.59 0.14 0.25 0.27 0.18 0.84 2.58
P-chart 2.72 0.11 0.33 0.37 0.16 0.97 2.60
MA 1.87 0.05 0.02 0.05 0.20 0.32 3.25
EWMAT 1.83 0.05 0.06 0.26 0.45 0.82 3.32

* False alarm rate is approximately 0.05.

T Probability of first alert within first 4 days.

§ Conditional average run length in day.

TExponentially weighted moving average. Weight parameter = 0.72.

TABLE 2. Probability* of first pair of consecutive alerts within 5 days of a slow-building outbreak

Method Threshold Day 1 and 2 Day 2 and 3 Day 3 and 4 Day 4 and 5 Probabilityt CARLS
C2 1.35 0.30 0.13 0.09 0.03 0.55 2.73
C3 1.44 0.30 0.12 0.10 0.06 0.58 2.86
P-chart 1.69 0.25 0.14 0.13 0.05 0.57 2.96
MA 1.70 0.06 0.01 0.02 0.11 0.20 3.90
EWMAT 1.58 0.06 0.04 0.11 0.23 0.44 4.16

* False alarm rate is approximately 0.05.

T Probability of two consecutive alerts within first 5 days.

§Conditional average run length in day.

T Exponentially weighted moving average. Weight parameter = 0.72.

TABLE 3. Probability* of first alert within 4 days of a sudden-surge outbreak

Method Threshold Day 1 Day 2 Day 3 Day 4 Probability* CARLS
C2 2.68 0.68 0.13 0.06 0.03 0.90 1.38
C3 3.85 0.59 0.21 0.09 0.03 0.92 1.52
P-chart 2.90 0.71 0.15 0.06 0.04 0.96 1.40
MA 1.84 0.31 0.41 0.17 0.04 0.93 1.94
EWMAT 1.89 0.57 0.23 0.09 0.04 0.93 1.57

* False alarm rate is approximately 0.05.

T Probability of first alert within first 4 days

§ Conditional average run length in day.

TExponentially weighted moving average .Weight parameter /] = 0.464.




PROOF PROOF PROOF PROOF PROOF

Vol. 54 / Supplement

Surveillance Summaries 127

TABLE 4. Probability* of first pair of consecutive alerts within 5 days of a sudden-surge outbreak

Method Threshold Day 1 and 2 Day 2 and 3 Day 3 and 4 Day 4 and 5 Probability, CARLS
Cc2 1.41 0.72 0.05 0.01 0.00 0.78 2.09
C3 1.53 0.72 0.10 0.02 0.02 0.86 2.23
P-chart 1.74 0.72 0.06 0.02 0.01 0.81 2.16
MA 1.57 0.61 0.12 0.07 0.02 0.82 2.39
EWMAT 1.48 0.67 0.26 0.03 0.02 0.98 2.39

* False alarm rate is approximately 0.05.
T Probability of two consecutive alerts within first 5 days.
§ Conditional average run length in day.

TExponentially weighted moving average. Weight parameter = 0.464.

FIGURE 1. Receiver operation characteristic curves of
detection on day 1 of a slow-building outbreak
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indicates the PSD (sensitivity, vertical-axis) and false alarm
rate (one minus specificity, horizontal-axis) associated with a
given threshold. As the threshold increases, the point moves
to the left along the ROC curve. The PSD can be read off of
a ROC curve at its intersection with a vertical line given a
fixed false alarm rate. The overall performance of a detection
method is evaluated by the area under the curve. Thus, a
method associated with a higher ROC curve is superior to
one with a lower ROC curve. Ideally, ROC curves are plotted
in an identical range of false alarm rates. However, because
the false alarm rate is unknown for a given threshold, a
sequence of threshold levels with 0.25 increments were used
in determining the plotting range of false alarm rate for each
curve. As a result of this approximation, ROC curves do not
fill the maximum intended range in each plot. C2 has the best
ROC for day 1 detection within the common range, followed
by C3 and P-chart (Figure 1). This clarifies the misperception
that C3 is more sensitive than C2 when one holds the thresh-
old constant. C3 is only more sensitive if one ignores the higher
false alarm rate associated with it. A threshold of 3 for C2
(third point from left) is similar to that of 4.75 for C3 (fourth

point from left) in terms of false alarm rate (Figure 1). For

consecutive signals on days 1 and 2 (Figure 2), C2 retains the
highest PSD; MA and EWMA remain low. As the false alarm
rate reaches a level above 5%, C3 performs nearly as well as
C2 (Figures 1 and 2).

Under the sudden-surge outbreak, the ROC curves of day
1 detection (Figure 3) demonstrate a superior performance of
P-chart compared to the other algorithms, with C2 perform-
ing nearly as well. At an approximately 2% false alarm rate,
the PSD is approximately 60% for P-Chart (Figure 3) for the
sudden-surge outbreak. In contrast, the PSD is less than 5%
for the slow-building outbreak (Figurel). The PSD is gener-
ally higher with outbreaks of large magnitude. ROC curves
for signals on both days 1 and 2 (Figure 4) indicate that C2
and P-chart perform the best. C3 is comparable only when
the false alarm rate exceeds 5%. MA and EWMA gain in the
PSD as the outbreak sustains itself (Figures 3 and 4).

ROC Associated with a Zero Correlation

To further demonstrate the impact of serial correlation on
aberration detection, 5,000 replications of baseline and out-
break data with serial correlation p=-0.0176 (theoretically

FIGURE 2. Receiver operation characteristic curves of
detection on the first 2 days of a slow-building outbreak
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FIGURE 3. Receiver operation characteristic curves of
detection on day 1 of a sudden-surge outbreak
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p=0) were generated. The ROC curves of detection on day 1
of the slow-building outbreak (Figure 5) indicate that P-chart
is most capable, followed by C2, C3, and EWMA; MA was
the least capable. PSD increases for all methods, particularly
P-chart, compared with the case of moderate correlation
(Figure 1). Similar results are observed for the ROC curves of
detection on both of the first two days (Figure 6) compared
with correlated case (Figure 2). P-chart is superior to the other
algorithms.

Evaluation under the sudden-surge outbreak with zero cor-
relation yielded a similar conclusion. The PSD is generally
higher in the absence of serial correlation. However, EWMA
now places second in PSD, behind P-chart. PSD increases
rapidly as the false alarm rate increases at the lower end

FIGURE 5. Receiver operation characteristic curves of
detection on day 1 of a slow-building outbreak*
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FIGURE 4. Receiver operation characteristic curves of
detection on the first 2 days of a sudden-surge outbreak
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(Figure 7). Compared with the nearly linear ROC curves
under the slow-building outbreak (Figure 3), the PSD is larger
under outbreaks of larger magnitude. The ROC curves of
detection on both of the first 2 days (Figure 8) again depict a
superior performance of P-chart, closely followed by EWMA.
Unexpectedly, C3 has the lowest PSD when the false alarm
rate falls below 0.01.

Conclusion

On the basis of the CARL and ROC, these simulations sug-
gest that P-chart has the best overall performance when the
data are serially independent under both the slow-building
and sudden-surge outbreak (Table 5). This conclusion holds

FIGURE 6. Receiver operation characteristic curves of
detection on the first 2 days of a slow-building outbreak*
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FIGURE 7. Receiver operation characteristic curves of
detection on day 1 of a sudden-surge outbreak*

0.8
1

0.6
1

Sensitivity
0.4
1

Cc2

C3

P-Chart

Moving average

o
a
+
X
v

0.2
1

Exponentially weighted
moving average

0.0

T T T T T T T
0.0 0.02 0.04 0.06 0.08 0.10 0.12

False alarm rate

* Serial correlation = 0.

TABLE 5. Detection methods with the best ROC under different outbreak, serial correlation,

and detection objective

FIGURE 8. Receiver operation characteristic curves of
detection on the first 2 days of a sudden-surge outbreak*
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Serial correlation can consider-
ably increase the false alarm rate

Serial correlatu')n 9 0277 and reduce the PSD. For example,
Outbreak detection . .

objective Slow-building  Sudden-surge Slow-building  Sudden-surge the PSD of P-chart is approxi-
Timely (Day 1) P-chart P-chart; EWMA c2 P-chart; C2 mately 0.20 with the false alarm
Continuous (Days 1 and 2)  P-chart P-chart; EWMA Cc2 C2; P-chart

* Serial correlation among daily incidences.

true for both detection on day 1 and detection on both day 1
and 2. Under the slow-building outbreak, C2 delivered the
second best performance; under the sudden-surge outbreak
EWMA performed well, closely following P-chart and clearly
outperforming C3, especially at the lower false alarm rates.

With the moderate serial correlation (0.277), C2 has the
best ROC under the slow-building outbreak, followed by C3.
However, C3 was outperformed by C2 with respect to both
day 1 detection and consecutive signals on day 1 and 2 at the
lower false alarm rates. Under the sudden-surge outbreak
P-chart and C2 outperformed the other methods. The differ-
ence between P-chart and C2 was generally small. Contrary
to the common perception among the users of EARS, C3 is
not more sensitive than C2 once the false alarm rate is held
constant.

With an emphasis on timely detection of outbreaks within
the first few days of onset, the findings of this report suggests
the use of C2 and P-chart for surveillance purposes when the
syndromic data are moderately correlated. Surveillance of rare
syndromes also might benefit from EWMA because rare syn-
dromes tend to be less correlated. EWMA also is expected to
be more sensitive as an outbreak persists.

rate of 0.04 for independent data;
as the serial correlation increases
to 0.277, the PSD decreases to
approximately 0.075. In general, similar trends hold, although
the magnitude of such impacts varies between detection meth-
ods and detection events. These trends were confirmed by an
additional simulation with a higher serial correlation. The im-
pact on MA and EWMA is particularly pronounced because
these methods depend on an average of several days’ data.

C2 appears to be least affected by serial correlation and is
most robust. For example, the PSD of C2 declined from
approximately 0.22 to 0.2 while holding the false alarm rate
at 0.06; at the false alarm rate of 0.04, the PSD stayed almost
constant. This offers another justification for favoring C2.

Another simulation was conducted to evaluate the use of
count data (9). In comparison with daily incidence, using
counts yielded slightly higher false alarm rates and PSDs. It
seems practical to use counts for monitoring rare syndromes
and proportions for common syndromes. The two approaches
would be similar when the ED volume is stable and only spe-
cific syndrome cases fluctuate.

Syndromic data might demonstrate day-of-the week effects,
which can be accounted for through modeling of the mean
#,, and the standard deviation 0. This is not done in EARS.
Assessing the impact of ignoring such trend on the methods
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of EARS would be useful (77). Modeling syndromic data is
complex, requiring sufficient amounts of historical data.
Because syndromic data might vary by location, season, syn-
drome category, and type of outbreak, performance of aberra-
tion detection methods must be evaluated specifically.
Appropriate use of any detection method requires evaluation
and calibration of its operating characteristics. Although a
higher level of PSD is generally desirable, false alarm rate needs
to be controlled at a level according to the objectives of the
local system and resources required to maintain the system.
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