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Abstract—Accurate and timely detection of infectious disease outbreaks provides valuable information which can enable public health
officials to respond to major public health threats in a timely fashion. However, disease outbreaks are often not directly observable.
For surveillance systems used to detect outbreaks, noises caused by routine behavioral patterns and by special events can further
complicate the detection task. Most existing detection methods combine a time series filtering procedure followed by a statistical
surveillance method. The performance of this “two-step” detection method is hampered by the unrealistic assumption that the training
data is outbreak-free. Moreover, existing approaches are sensitive to extreme values, which are common in real-world datasets. We
considered the problem of identifying outbreak patterns in a syndrome count time series using Markov switching models. The disease
outbreak states are modeled as hidden state variables which control the observed time series. A jump component is introduced
to absorb sporadic extreme values that may otherwise weaken the ability to detect slow-moving disease outbreaks. Our approach
outperformed several state of the art detection methods in terms of detection sensitivity using both simulated and real-world data.

Index Terms—Markov switching models, syndromic surveillance, Gibbs sampling, outbreak detection.
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1 INTRODUCTION

D ETECTING and controlling infectious disease out-
breaks have long been a major concern in public

health [1]. Recent efforts in building syndromic surveil-
lance systems have included increasing the timeliness of
the data collection process by incorporating novel data
sources such as emergency department (ED) chief com-
plaints (CCs) and over-the-counter (OTC) health product
sales [2]. Research shows that these data sources contain
valuable information that reflects current public health
status [3], [4]. However, the noise caused by routine
behavior patterns, seasonality, special events, and vari-
ous other factors is blended with the disease outbreak
signals. As a result, disease outbreak detection using
the time series from syndromic surveillance systems is a
challenging task.

In a typical syndromic surveillance system [5], [6],
[7] the data are classified and aggregated to generate
univariate or multivariate time series at a daily fre-
quency. An example of a univariate time series is the
daily ED visits associated with a particular syndrome
(for example, the respiratory syndrome). An example
of a multivariate time series is the number of daily
visits with a particular syndrome from multiple EDs. If
geographic information such as the ZIP code is available,
the multivariate time series in these examples would be
the daily counts of patients with a particular syndrome
from the ZIP code areas near a ED.
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Most time series outbreak detection methods follow
a two-step procedure [8], [9], [10]. In the first step,
a baseline model describing the “normal pattern” is
estimated using the training data that usually contain
a historical time series without outbreaks. The baseline
model then is used to predict future time series values.
In the second step, statistical surveillance methods such
as the Shewhart control chart [11], [12] or the Cumulated
SUM (CUSUM) [13] method then take the prediction er-
ror (observed value minus predicted value) as the input,
and output alert scores. Higher alert scores are usually
associated with a higher risk of having outbreaks. When
the alert scores exceed a predefined threshold, the alarm
is triggered.

Two main problems exist for current detection meth-
ods. First, the two-step procedure is based on the as-
sumption that there are no outbreaks in the training
data. When a real-world dataset is used for training, the
assumption is very hard to verify. Moreover, a full inves-
tigation of disease outbreaks during the data collection
period is usually too expensive to conduct.

The validity of the detection results may be seriously
impaired if it cannot be verified that the training data are
outbreak-free. The estimated parameters of the baseline
model may be biased by outbreak-related observations.
Subsequent prediction and outbreak detection, as a re-
sult, may be negatively affected. The problem can seri-
ously reduce the practical value of the outbreak detection
method.

Second, existing time series detection methods also
lack the ability to handle sporadic extreme values. Spe-
cial events such as holidays and the media coverage
of a particular disease may cause spikes that are not
associated with disease outbreaks [14]. These extreme
values usually last for a very short time (often just one
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or two days) and do not affect subsequent time series
values. Anomalies related to real disease outbreaks, on
the other hand, usually show a prolonged upward drift.
The magnitude of disease-related drift is usually much
smaller compared to the sporadic spikes caused by
special events. Many outbreak detection algorithms take
advantage of these characteristics and accumulate the
errors so that small increases can be detected effectively
[8], [9], [15]. The accumulation process, nevertheless, is
susceptible to the presence of extreme values.

The deficiencies of current outbreak detection methods
motivate our efforts to develop novel algorithms that can
address these shortcomings. To deal with the problem of
having outbreak-related observations in training data,
a flexible statistical model must be used so that the
model can adjust itself automatically when outbreak-
related observations exist. In econometrics and time
series literature, this is usually refereed to as the problem
of modeling endogenous structural changes [16], [17].

A natural way of modeling structure changes in a
time series is introducing additional hidden state vari-
ables which control the underlying time series dynamics.
The Markov switching models originally proposed by
Hamilton are one popular model of this kind [18]. This
family of models includes a hidden state variable that
may have a different value in each period. It takes values
of either 0 or 1 that correspond to different conditional
means, variances, and autocorrelations of the time series.
The hidden state evolves following a first-order Markov
process. That is, the current hidden state depends only
on its historical values from the last period.

This hidden state method can be easily extended to
handle extreme values. An additional hidden state can
be included to model the presence of sporadic extreme
values. With this additional hidden state, the model
can distinguish between “normal” and “extreme” ob-
servations. That is, if a spike appears without signs
that the sudden increase can be associated with drifts
either before or after it, then the model can, based on
the statistical evidence, assign the sudden increase as
an extreme value instead of an outbreak. The negative
effect of extreme values on outbreak detection can thus
be reduced.

The main contribution of this paper is to present a
prospective outbreak detection method that is robust to
pre-existing outbreaks and extreme values. Prospective
outbreak detection, as opposed to retrospective detection
in which the entire set of the observations is available to
the detection algorithms, assumes that only observations
made prior to the time of the detection are available
to the detection algorithms. Retrospective detection is
useful primarily for offline analysis of historical data,
whereas prospective detection is intended for use in
monitoring incoming public health data streams in an
online fashion. We utilized the Markov switching model
that includes three hidden state variables in each period.
The first hidden state variable models the disease out-
break state and the second hidden state variable models

the presence of extreme value. If the extreme value exists,
the third hidden state variable represents the size of the
extreme value. We demonstrate that our approach out-
performs several existing state-of-art outbreak detection
algorithms using both simulated and real-world time
series data.

This paper is organized as follows. Section 2 briefly
introduces current outbreak detection methods and the
Markov switching models. Section 3 presents our out-
break detection method. An evaluation study that uses
both simulated and real-world data is summarized in
Section 4. We conclude our paper in Section 5.

2 BACKGROUND

Current time series outbreak detection methods mostly
follow a two-step procedure: a base-line time series
estimation step followed by a statistical surveillance step
[19], [8], [9]. We review these two major steps in this
section.

Markov switching models, which belong to a broader
class of statistical models that make use of hidden state
variables, are also reviewed. We present the typical
model settings and the estimation approaches.

2.1 Time Series Modeling
The first step in traditional outbreak detection methods
is to develop a model that can describe the normal
time series patterns. The most widely used model is
the Autoregressive Integrated Moving Average (ARIMA)
models of Box and Jenkins [20]. The model setting can be
described by three parameters: (p, d, q). The parameter p
refers to the length of historical time series values that
can affect current observations. The second parameter d
specifies how many difference operations are required
to make the time series stationary. The third parameter
q specifies the length of historical error terms that can
affect current observations. In a typical setting that does
not involve seasonal fluctuation, the observed time series
is usually assumed to be stationary, that is, d = 0.
Specifically, an ARIMA(p, 0, q) model can be written as:

yt = a0 + a1yt−1 + a2yt−2 · · ·+ apyt−p +
εt + b1εt−1 · · ·+ bqεt−q.

where yt is the observed time series and εt is the error
term. To ensure that the model “learns” the normal time
series pattern, the data used for model estimation should
be outbreak free. Given p and q, the parameter values (a0,
a1, ..., bq) can be estimated using likelihood maximization
[21]. However, different model settings that correspond
to different values of p and q may affect prediction
accuracy. The values of p and q are usually determined
by model selection criteria that take both goodness of
fit and model complexity into consideration. Commonly
used model selection criteria include Akaike information
criterion (AIC) [22], [23] and Bayesian information cri-
terion (BIC) [24]. Note that the model selection criteria
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are closely related to the “cross-validation” evaluation
approach [25] commonly used by the machine learning
community [26]. In fact, cross-validation is asymptoti-
cally equivalent to AIC [27].

Other modeling techniques such as the generalized
linear model using Poisson distribution [28], expectation-
variance model [29], and the Wavelet Model [30] have
been evaluated in previous studies.

For the purpose of detecting outbreaks, there are two
issues warranting further discussion: the modeling of the
day-of-week and seasonal effects.

2.1.1 Day-of-Week Effect
The syndromic surveillance time series usually exhibits
strong day-of-week effects. For example, there are usu-
ally more ED visits during the weekends than during
the weekdays [9]. The variation among different day-of-
weeks is usually assumed to be fixed. As an illustrative
example, an ARIMA(1, 0, 0) model with a fixed day-of-
week effect can be written as

yt = w1dt,1 + w2dt,2 · · ·+ w6dt,6 + a0 + a1yt−1 + εt.

where dt,i ∈ {0, 1}, i = 1, 2, 3, 4, 5, 6 are dummy variables
indicating a particular day-of-week. For example dt,1 = 1
if day t is a Monday and 0 otherwise. Note that we need
only 6 dummy variables for 7 day-of-weeks because of
the existence of the constant term a0.

2.1.2 Seasonal Effect
Similar to the day-of-week effect that refers to a weekly
cyclic pattern, the seasonal effect refers to a yearly cyclic
pattern. Tri-geometric functions are commonly used to
model deterministic seasonal fluctuation. This technique
is usually referred to as the Serfling model [31], [32],
which can be written as:

yt = a0 + b1cos(
2πt

365.25
) + b2sin(

2πt

365.25
)

w1dt,1 + w2dt,2 · · ·+ w6dt,6 + εt

Note that both day-of-week and seasonality are included
in the model. The model can be refined by including
more tri-geometric functions that correspond to semi-
annual and even quarterly cyclic patterns. However, it
has the obvious problem of assuming the same seasonal
peaks and troughs across the whole monitoring period
[32]. Our preliminary experiments show that the Serfling
model fits the observed syndromic time series poorly
especially when the seasonality is strong. The Serfling
model assumes a particular shape of the time series that
may not be empirically valid.

Other modeling techniques allow more flexible sea-
sonal fluctuation across years. One possibility is to use
the Holt-Winters exponential smoothing to model sea-
sonality [33], [34]. An empirical study showed that,
in the context of syndromic surveillance, Holt-Winter
exponential smoothing outperformed the Serfling model
in terms of prediction accuracy [35].

The concept of the seasonal random walk [36] can be
applied to model the seasonal effect. The basic idea is
that the same day-of-year should have the same expected
value. Reis and his colleagues estimated the expected
value using the trimmed-mean of historical time series
value with the same day-of-year in an 8-year window
[8], [9]. The seasonal effect can then be filtered out
by subtracting the observed value from the day-of-year
expectation.

2.2 Statistical Surveillance Methods

For outbreak detection purposes, the prediction errors
from the time series modeling step are further processed
using statistical surveillance methods. Various statisti-
cal surveillance methods such as the Shewhart control
Chart [11], Cumulated Sum (CUSUM) [13], Exponen-
tial Weighted Moving Average (EWMA) [12], Shiryaew-
Roberts method [37], [38] and the likelihood ratio meth-
ods [39] can be applied for disease outbreak detec-
tion. However, most syndromic surveillance studies use
the Shewhart control chart, CUSUM, EWMA and their
variations. Our review focused mainly on these three
methods. For more detail we refer the reader to [40].

The Shewhart control chart [11] checks the t-value of
the prediction errors period by period. It performs the
best if large, isolated outbreaks are involved. However,
since disease outbreaks often exhibit only small devia-
tions in their early stages, the Shewhart control chart
may not be the best choice for our purposes.

The CUSUM method minimizes the maximum value
of the conditional expected delay “when the outcome
before outbreak is the worst possible” [41]. It uses a
recursive formula to accumulate the prediction errors:

C+
t = max[0, et −K + C+

t−1]

where et is the prediction error from the time series
model and K is a predefined constant that is commonly
referred to as the allowance. The alarm is triggered if C+

t

exceeds a predefined threshold.
The EWMA method can be seen as a linear approx-

imation of the likelihood ratio method [39], [42]. The
alert score is computed by accumulating forecasting
errors with exponentially decaying weights. Similar to
the CUSUM method, higher outbreak scores are usually
associated with a higher risk of having an outbreak. The
threshold can be determined from theoretical analysis or
empirical studies [43], [44].

Some syndromic surveillance studies use a moving
average scheme to accumulate forecasting errors [8],
[9]. Their studies have showed that a linear increasing
weighting schemes performed best in terms of outbreak
detection ability.

2.3 Performance Measures

The most commonly used performance measure in sta-
tistical surveillance literature is the Average Run Length
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(ARL). ARL0 denotes the expected run length until the
first false alarm, and ARL1 denotes the expected run
length until an alarm when the process is out of control
at the start of the surveillance [40], [45], [44].

These measures, nevertheless, are less intuitive under
the context of disease outbreak detection. Most disease
outbreak detection studies use per day sensitivity and
false alarm rate [28], [29], [8]. Sensitivity is the proba-
bility of having alarms on outbreak days. False alarm
rate is the probability of having alarms on non-outbreak
days.

2.4 Extreme Values in Syndromic Surveillance Time
Series
Current surveillance methods are very sensitive to ex-
treme values. The main reason is because the statistical
surveillance methods accumulate the forecasting errors
and there are no simple methods that can be used to filter
out the extreme values. Burkom [46] proposed using a
“reset” rule to bring down the alert scores when extreme
values are known to be causing the elevated scores.
However, it is not clear how to establish effective reset
rules.

Common reasons behind the extreme values include
holidays, media coverage, and special events [14]. How-
ever, existing studies have not offered help for handling
the negative effects caused by the extreme values. Pre-
vious studies have used holiday dummies to absorb
the holiday effects [29]. This technique, nevertheless,
imposes an unrealistic assumption that all holidays have
the same effect on the time series.

2.5 The Markov Switching Model
The Markov switching model belongs to the family of
state-space models. A state-space model is a statistical
model with hidden state variables controlling observable
random variables. There are two types of equations in
this model: the measurement equations and the transi-
tion equations [47]. The measurement equation defines
how hidden states affect the observable random vari-
ables. The transition equation, on the other hand, defines
how the state variables evolve over time.

When the state variable is discrete, the state-space
model is usually called the hidden Markov model [48],
[49] or the Markov switching model [18] depending on
the choice of the measurement equation. The measure-
ment equation in the hidden Markov model is usually
formulated so that the observable random variables at
period t only depend on the hidden state variables at
the same period.

The Markov switching model addresses the weakness
of the hidden Markov model by including lagged obser-
vations. The observable random variables in the Markov
switching model depend on their historical values as
well as the hidden state variables. This setting makes
the Markov switching model more suitable for time
series related problems. Fig. 1 illustrates the dependency

difference between the Markov switching model and the
hidden Markov model.

Strat and Carrat [50] applied the state-space model
for disease outbreak detection. They used a two-state
hidden Markov model on a weekly influenza-like illness
(ILI) incidence and showed that the hidden Markov
model clearly differentiated between epidemic and non-
epidemic rates. However, as they pointed out in the
conclusion, “the validity of the hypothesis that ILI inci-
dence rates are independent conditional on the state, is
questionable.” They also pointed out that autoregressive
terms should be included for better performance. We are
unaware of prior studies on applying Markov switching
models for outbreak detection.

Most applications of the Markov switching models fall
in the field of economics and finance. Notable examples
are identifying macroeconomics business cycle [18] and
modeling changing interest rates regimes [51]. A simple

Fig. 1. Markov Switching models (lower panel) and
hidden Markov models (upper panel). The rectangles are
observable random variables and the circles are hidden
state variables. Arrows indicate the dependencies among
variables.

Markov switching model can be written as

yt = a0,0 + a0,1st + (a1,0 + a1,1st)yt−1 + et (1)
p(st = j|st−1 = i) = pij (2)

st ∈ {0, 1} (3)
et ∼ N(0, σ2) (4)

Equation 1 defines how the hidden state variable st con-
trols the dynamics of the observable random variable yt.
At an non-outbreak period (st = 0), yt is determined by
a drift term a0,0 and the autoregressive parameter a1,0.
If an outbreak occurs (st = 1), the drift term increases to
a0,0 + a0,1 and the autoregressive parameter increases to
a1,0 + a1,1 (assuming a0,1 ≥ 0 and a1,1 ≥ 0). Equation
2 indicates that the hidden states evolve following a
Markov process with transition probability pij .

Note that if we have a time series of T period, there are
4 parameters and T hidden state variables in Equation
1, together with 2 transition probability in Equation 2
and a variance for error terms in Equation 4. We have
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more unknowns than the number of periods, which
complicates the estimation process. We briefly discuss
the model estimation issues below.

2.5.1 Model Estimation for the Markov Switching Model
Model estimation for the Markov switching model is
much more complicated than that of the standard time
series models such as the ARIMA models. The technical
difficulty arises from the presence of unknown hidden
states. In a simplified case involving only one hidden
outbreak state variable with two possible states and a
total of T periods, a direct evaluation of the likelihood
function involves a summation of all possible trajec-
tories of hidden states. The time complexity is O(2T ),
which is intractable in practice. More sophisticated al-
gorithms, which compute the posterior distribution of
the hidden states using a forward-filtering-backward-
smoothing (FFBS) procedure [47], [52], take only O(23T )
steps. The computation of the posterior distribution of
the hidden states is required by many estimation meth-
ods such as the expectation-maximization (EM) algo-
rithm [53], [54], [55], Gibbs sampling, and Markov Chain
Monte Carlo (MCMC) [56], [57], [58]. Note that to deliver
the final optimal parameter estimation, these algorithms
need to execute repeatedly until certain convergence
criteria are met.

The EM algorithm finds the maximum of the likeli-
hood function by iterating between calculating the ex-
pected value of state variables given current parameters
and calculating the maximum of log likelihood given the
expected state variables. It was applied to estimate the
hidden Markov model in a previous outbreak detection
study [50]. Compared to other numerical optimization
methods, the EM algorithm is more robust and usually
converges if a maximum exists. However, it is possible
that the algorithm converges to a local maximum in-
stead. In practice, the EM algorithm is run with multiple
initial values.

A serious drawback of the EM algorithm is the label
switching problem [52]. The Markov switching model
(and the hidden Markov model) is invariant under
arbitrary permutations of the state labels. As a result,
we cannot be sure whether st = 0 is representing an
outbreak or non-outbreak state before the estimation
procedure is completed. The label switching problem is
especially an issue when the Markov switching model
is part of a larger automatic disease outbreak detection
system.

Gibbs sampling [57], [58], [59] is an alternative estima-
tion method that can avoid the label switching problem.
The Gibbs sampling iterates to draw random variables
from conditional posterior distributions of parameters
and state variables to simulate the full posterior distri-
bution of parameters and state variables. Specifically, let
Θ = {θ1, ..., θk} denote the unknown parameters (and
state variables). By the Bayes Theorem, the posterior
distribution p(Θ|Y ) is proportional to the likelihood of
p(Y |Θ) multiplying the prior of parameters p(Θ). The

label switching problem can be avoided by imposing
proper constraints on p(Θ). Gibbs sampling estimates pa-
rameters using a simulation-based method. The follow-
ing steps can be used to simulate Θ from its posterior dis-
tribution. First, select initial values Θ(0) = {θ(0)

1 , ..., θ
(0)
k }.

For i = 1, 2, ...I , iterate through the following steps:

1) Draw θ
(i)
1 from p(θ1|Y, θ

(i−1)
2 , ..., θ

(i−1)
k ).

2) Draw θ
(i)
2 from p(θ2|Y, θ

(i)
1 , θ

(i−1)
3 , ..., θ

(i−1)
k ).

...
3) Draw θk(i) from p(θk|Y, θ

(i)
1 , θ

(i)
2 , ..., θ

(i)
k−1).

4) Record Θ(i) ≡ {θ(i)
1 , θ

(i)
2 , · · · , θ

(i)
k }

It has been shown that {Θ(i)} converges to p(Θ|Y ) [60],
[61]. As a result, the posterior mean of θj can be esti-
mated by the average of {θ(i)

j }, excluding certain “burn-
in” iterations to minimize the effect of the initial value.
The confidence intervals of the estimated parameters can
also be calculated directly from {θ(i)

j }.

3 OUTBREAK DETECTION USING
THE MARKOV SWITCHING WITH JUMPS (MSJ)
MODEL

We developed our disease outbreak detection algorithm
based on the Markov switching models [18]. Two hidden
disease outbreak states (0 or 1; non-outbreak or outbreak)
were assumed. To handle the sporadic extreme values,
we included a jump component to filter their negative
effects on outbreak detection. Seasonality was handled
based on the concept of seasonal random walk.

Our proposed MSJ model is described below:

yt = g(Y t−1) + zt (5)
zt = ξtJt + xt (6)
xt = a0,0 + a0,1st + (a1,0 + a1,1st)xt−1 +

6∑

i=1

widt,i +
K∑

i=1

bivt,i + et (7)

st ∈ {0, 1} (8)
Jt ∈ {0, 1} (9)

p(st = j|st−1 = i) = pij (10)
et ∼ N(0, σ2) (11)
ξt ∼ N(0, σ2

a) (12)
g(Yt−1) = med{ȳt−m, ȳt−2m, ȳt−3m} (13)

ȳt−im =
(yt−im−3 + yt−im−2 · · ·+ yt−im+3)

7
(14)

where Y t−1 = (y1, y2, · · · , yt−1) and m = 365. The
hidden state variable st = 1 indicates period t is an out-
break period, 0 otherwise. In the subsequent discussion,
the time period in subscript indicates the value at that
period; the time period in superscript indicates a vector
of values up to that period.

Equation 5 filters out the seasonal fluctuation by sub-
tracting the day-of-year expectation from observed time
series values. The day-of-year expectation is estimated
using the historical values within a day-of-year window
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in the past three years (Eq. 13-14). The next equation
(Eq. 6) further decomposes the residual (zt) into normal
variation (xt) and a possible jump component. If a jump
exists (Jt = 1), then ξt is the size of the jump. Equa-
tion 7 articulates the dynamic behavior during outbreak
and non-outbreak periods. The hidden state variable st

controls the constant term and an autoregressive coeffi-
cient. The variables dt,i are day-of-week dummies. The
exogenous variables vt,i are optional controlling factors.
Environmental variables such as pollen level and tem-
perature are two possibilities. If necessary, more lagged
dependent variables can also be included. For example,
we can set vt,1 = xt−2, vt,2 = xt−3, ..., vt,6 = xt−7. As
defined in Equation 10, the transition of st follows a first-
order Markov process.

Compared to conducting outbreak detection using a
baseline time series model combined with a statistical
surveillance method, our approach provides the follow-
ing advantages. First, the alert scores (p(st = 1|Yt)) of our
approach have a clear and intuitive interpretation. Most
existing outbreak detecting methods output alert scores
that do not have clear meanings. The only way to make
sense of the alert scores is to compare the scores with an
established threshold. The alert score of our detection
algorithm, without reference to any thresholds, can be
interpreted as the outbreak probability given available
information.

Second, our algorithm provides an estimated outbreak
size in addition to outbreak probability. In traditional
outbreak detection methods, it is not easy to estimate
the outbreak size directly from the alert statistics or
estimated parameters. Our method allows the model
to recognize different temporal dynamics in different
periods. The outbreak size can be calculated directly
from the estimated parameters. The information could be
valuable for the planning of public health intervention.

Third, the jump component gives our algorithm the
ability to separate sporadic extreme values from slow-
moving disease outbreaks. The additional information
provides flexibility that is valuable for different surveil-
lance needs.

3.1 Changing Dynamics and Outbreak Size

The hidden variable st plays an important role in deter-
mining the dynamics of xt. Consider a simplified setting
with no day-of-week effect (wi = 0) nor exogenous
variables (bi = 0). If we have st = 0 for all time
except t = t1, then the observed value increases by
∆t1 ≡ a0,1 + a1,1yt1−1 at t1, ignoring the effect of the
noise (et). Note that the autoregressive coefficient a1,1

also plays a role in determining the magnitude of the
increase at time t1. After this time point, the effect of
∆t1 decreases exponentially. The scenario is similar to
dropping a group of infected persons in a large com-
munity at period t1 and seeing the disease starting to
spread. However, since infected persons recover from the
disease quickly, the disease dies out quickly as well.

If st = 1 for t = t1, t1 + 1, · · · , the effect of in-
creased constant term and autoregressive coefficients
accumulates during the outbreak periods until it reaches
the new stable level. The new long-term mean can be
found by writing xt as a function of ai,j and et only.
A simple computation gives E[xt|st = 1] ≡ m̄2 =
(a0,0 + a0,1)/(1 − a1,0 − a1,1). Similarly, the long-term
mean of non-outbreak periods is E[xt|st = 0] ≡ m̄1 =
a0,0/(1−a1,0). The outbreak size is the difference between
m̄2 and m̄1.

3.2 Model Estimation
Gibbs sampling is used for model estimation. We need
to estimate the following sets of coefficients and hidden
states: time series coefficients A = (a0,0, a0,1, a1,0, a1,1),
day-of-week coefficients W = (w1, w2, · · · , w6), exoge-
nous variable coefficients B = (b1, b2, · · · , bk), variance of
the error term (σ2), transition probability P = (p00, p11),
hidden outbreak state ST = (s1, s2, · · · , sT ), hidden
jump state JT = (J1, J2, · · · , JT ), hidden jump size
ΞT = (ξ1, ξ2, · · · , ξT ), and variance of jumps (σ2

a).
For a model with T periods and K exogenous vari-

ables, there are 3T + K + 14 parameters to be estimated.
Note that most of these parameters are subjected to
certain constraints. For example, the outbreak states are
assumed to follow a first-order Markov process. Given
the transition probabilities and the observed time series,
some parameter combinations are almost impossible or
have a very low probability. The goal of model esti-
mation is to search the parameter space and locate the
area that is corresponding to a high probability given
observed time series.

To facilitate the simulation of random variables from
the posterior distributions, conjugate priors are used
for all parameters. As discussed in the Appendix, all
conditional posteriors follow well known statistical dis-
tributions and are summarized in Table 1. The dot (•) in

TABLE 1
Conditional Posterior Distributions

(A, W, B)|• ∼ Multivariate Normal
σ2|• ∼ Inverse Gamma
ξt|• ∼ Normal
Jt|• ∼ Binomial
st|• ∼ Binomial
σ2

a|• ∼ Inverse Gamma
pii|• ∼ Beta

Table 1 indicates the conditioning on other parameters
and hidden states. To increase the efficiency of sampling
st, the FFBS procedure is used.

It should be noted that to avoid the label switching
problem, we constraint the parameter sampling results
so that m̄1 < m̄2 is satisfied. If the constraint is violated,
(A,W,B) are redrawn until the constraint is satisfied.

3.3 Prospective Outbreak Detection
Given an up-to-date time series, prospective outbreak
detection answers the question “What is the probability
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of having a disease outbreak today?” Letting t denote the
current time period, we want to estimate p(st = 1|Y t),
where st is the hidden outbreak state and Y t is the vector
contains all time series values up to time t. When a new
time series value arrives in the next period, the system
needs to re-run the model and provide the estimation of
p(st+1|Y t+1).

Our preliminary experiments found that direct im-
plementation of the estimation algorithm provides little
valuable outbreak information because the algorithm be-
came too sensitive to small changes. The algorithm tried
to scrutinize all small changes and tended to over react to
those changes. To overcome this difficulty, we developed
a regulation technique to desensitize the algorithm so
that small, unimportant changes would be ignored.

3.3.1 Desensitization for Prospective Outbreak Detec-
tion

The desensitization technique is an extension of the so-
lution for the label switching problem. To make the algo-
rithm ignore small, unimportant changes, we rejected the
parameter sampling results that indicated small changes.
Specifically, we chose g as the minimal outbreak size
that we wanted to detect. We let a

(c)
0,0, a

(c)
0,1, a

(c)
1,0, a

(c)
1,1 be

the sampling result of the c-th iteration. We rejected the
sampling result if m̄

(c)
1 ≥ m̄

(c)
2 − g. The coefficient g is

set to 5% of the time series mean during the training
period. Also, the autoregressive coefficient needs to have
a value between -1 and 1 to ensure that the time series is
stationary. The desensitization procedure is summarized
in Algorithm 1.

Note that the presence of outbreaks in the training
period may bias the estimated mean and also lead to a
larger coefficient g. As a result, the model becomes less
sensitive to outbreaks. We argue that, with a moderate
length of training period (say, one year), the proposed
method of choosing g is robust against the presence of
possible outbreaks. The main reason is that, in most
cases, actual outbreak periods are much shorter than the
training period, and taking average during the training
period can dilute the effect of outbreak observations to
a large extent. As an example, assume that the mean
of daily counts is 100 and the daily count increases to
200 (a 100% increase) during an one-month outbreak.
The chosen g will increase for less than 10%, from 5
(100 × 0.05) to 5.4 ( (100 × 30/365 + 200 × 335/365) ×
0.05). Our computational experience suggests that small
variations in g do not have a significant effect on the
detection outcome. On the other hand, in cases where
the training period is relatively short (say, 3 months),
we caution that the negative impact of setting unrealistic
values for the counts and outbreak size can be noticeable
from the point of view of detection power. In these cases,
domain experts’ input on how to set g will be highly
valuable.

Algorithm 1 Desensitization Procedure
repeat

Draw (A(c), B(c),W (c)) from (A,B,W )|•.
m̄

(c)
1 ← a

(c)
0,0/(1− a

(c)
1,0).

m̄
(c)
2 ← (a(c)

0,0 + a
(c)
0,1)/(1− a

(c)
1,0 − a

(c)
1,1).

until m̄
(c)
1 < m̄

(c)
2 −g and |a1,0| < 1 and |a1,0+a1,1| < 1.

return (A(c), B(c), W (c)).

3.3.2 Prior Distributions
While some parameters of the prior distributions are
quite robust to various circumstances, others need to
be customized case by case. We applied a simple AR(1)
model with day-of-week effect on the training data with
seasonality removed. The estimated variance of the error
term is used to set up the parameters for the prior of σ2

and σ2
a. The estimated day-of-week effects are used to

set up the prior of wi. The prior distributions used in
this study are summarized in Table 2.

TABLE 2
Prior Distributions

Parameter Distribution Parameter
{a0,0, a0,1, Multivariate M = {0, 0, 0.15, 0.6}
a1,0, a1,1} Normal(M, V ) {vii}4i=1 = {400, 400, 3, 3}

σ2 Inverse Gamma α = 3, β = est. variance ×(α− 1)
σ2

a Inverse Gamma α = 3, β = est. variance ×5(α− 1)
{w1, ..., w6} Multivariate M is est. from the training data

Normal(M, V ) {vii}6i=1 = {va, va, va, va, va, va};
va = max(100, 5max(M))

p11 Beta a=2, b=0.2
p22 Beta a=2, b=0.1

The off-diagnose elements of V is set to zero

3.3.3 Summary of the Estimation Procedure
Given a time series covering period 1 to t1, our goal
is to estimate the outbreak probability of period t1,
together with other relevant parameters and hidden
state variables. Using Gibbs sampling for estimation,
we need to choose the total number of iteration B and
the “burn-in” iteration b. The sampling results between
iteration b + 1 and B are then used to compute the
outbreak probability (alert score) and the estimates of
other parameters. The pseudo code that summarizes the
procedure can be found in Algorithm 2. We implemented
our approach on R, an open-source statistical software
(http://www.r-project.org/).

4 EVALUATION STUDY

We developed two disease outbreak scenarios to eval-
uate our approach. Scenario 1 is aggregated over-the-
counter (OTC) anti-diarrheal and anti-nauseant sales
simulated based on a real-world dataset developed by
the International Society for Disease Surveillance (ISDS)
[62]. The outbreaks in this scenario were simulated based
on “a large waterborne outbreak of Cryptosporidium
[which] occurred in the Battleford area of Saskatchewan
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Algorithm 2 Prospective Outbreak Detection Using the
Markov Switching with Jumps (MSJ) Model

for c = 1 to B do
(A(c), B(c), W (c)) ← Desensitization().
Draw σ2(c) from σ2|•.
Draw s

(c)
t1 , s

(c)
t1−1, · · · , s

(c)
1 using FFBS.

Draw J
(c)
t from Jt|• for t = 1, 2, · · · , t1.

Draw ξ
(c)
t from ξt|• for t = 1, 2, · · · , t1.

Draw σ
2(c)
a from σa|•.

end for
p̂(st1 = 1|Y t) ← ∑B

c=b+1 s
(c)
t1 /(B − b + 1).

during the spring of 2001. Due to the prolonged, less se-
vere nature of Cryptosporidium, many infected residents
self-medicated, evidenced by an increase of OTC anti-
diarrheal and anti-nauseant product sales during the
outbreak.” (cf. https://wiki.cirg.washington.edu/pub/
bin/view/Isds/TechnicalContest).

This dataset contains 5 years of training data and 30
5-year time series datasets with outbreaks for model
testing. The starting date of training data is marked
“1/1/2101.” The training data and one of the 30 testing
time series are plotted at the top and middle panels
of Fig. 2. Note that the plotted testing dataset contains
an outbreak starting from “4/15/2110” that lasts for 54
days.

Scenario 2 used a real-world clinic visit time series and
simulated outbreaks following the standard approach
widely-used in the syndromic surveillance literature
[35][8][9]. We imposed simulated anthrax outbreaks on
the clinic visit time series collected from a metropoli-
tan area. The clinic visit is classified into syndromes
using ICD-9 code according to the definitions from CDC
(cf. http://www.bt.cdc.gov/surveillance/syndromedef/
word/syndromedefinitions.doc).

The dataset covers the period from 2/28/1994 to
12/30/1997 with a total of 1402 days. Observations be-
fore 12/31/1995 were reserved for model training. Out-
break periods were randomly chosen between 1/1/1996
to 12/30/1997. Since the respiratory syndrome is the
most common syndrome for early infection of inhala-
tional anthrax, we focused on detection disease outbreak
using aggregated clinic visits with the respiratory syn-
drome in this study. The lower panel of Fig. 2 plots
the respiratory syndrome count time series used in this
study.

We chose B = 300 and b = 100. Preliminary ex-
periments on simulated data showed that this setting
was appropriate for estimating the hidden states and
parameters.

We discuss our outbreak simulation method for Sce-
nario 2 in more detail and benchmark surveillance meth-
ods for both Scenarios in sequence. The last subsection
presents experimental results.
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Fig. 2. The upper panel is the training data of Scenario 1.
The middle panel is one of the testing data of Scenario 1.
The lower panel is the original real-world time series used
in Scenario 2.

4.1 Simulating Disease Outbreaks for Scenario 2

There are two major components in simulating the dis-
ease outbreak caused by inhalational anthrax [15]. The
first component is the disease progression of infected
persons [63]. The second component is the health-care
seeking behavior of infected persons. Since we aimed to
focus on temporal disease outbreak detection, the spatial
dispersion of anthrax spores and infection in different
areas [63] were not considered in the simulation.

At the beginning of the simulation, we assumed
that, in total, there are S infected persons. For each
infected person, the disease progresses through three
states: incubation, prodromal, and fulminant. The length
of each state follows a log-normal distribution. Disease
symptoms start to appear in the prodromal state. An
infected person may have respiratory, gastrointestinal,
or fever syndromes in the prodromal state. When the
infected person is in the fulminant state, the person may
exhibit shock syndrome or neurological syndrome. Since
syndromes in the fulminant state are not the focus in this
study, this state is not simulated. Parameters used in the
simulation are summarized in Tables 3 and 4.

We set S to 15, 000. This setting corresponds to an
average peak of 566 patients. The outbreak period be-
gins when anthrax spores are released and ends when
more than 90% of infected persons with the respiratory
syndrome have realized. Since there are usually a small
number of patients with a long incubation period, the
outbreak period may be artificially long just because few
persons have late onset of the syndrome. The 90% cut-off
ensures that the outbreak period covers the most intense
period of anthrax outbreaks.

The outbreak signals were imposed on the real-world
time series with a starting time chosen randomly be-
tween 1/1/1996 to 12/30/1997. We generated 50 syn-
thetic datasets for evaluation, each containing one sim-
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TABLE 3
Parameters for Anthrax Outbreak Simulation: Disease

Progression

Parameter Value Source
Incubation duration, median 11 days [63]

Incubation duration, dispersion 2.04 days [63]
Prodromal duration, median 2.50 days [63]

Prodromal duration, dispersion 1.44 days [63]

TABLE 4
Parameters for Anthrax Outbreak Simulation:

Health-care Seeking at Prodromal State

Parameter Value Source
Prob. of seeking care 0.4 [15]

Prob. of respiratory syndrome 0.7 [64]
Prob. of gastrointestinal syndrome 0.2 [64]

Prob. of fever syndrome 0.1 [64]

ulated outbreak.

4.2 Benchmark Temporal Detection Methods
We chose the Serfling model with the CUSUM method
as our first benchmark detection method. The Serfling
model is one of the most popular time series models that
incorporate seasonal fluctuations [31], [32]. The model
can be written as follows:

yt = a0 +
6∑

i=1

dt,iwi + b1cos(2πt/365.25) +

b2sin(2πt/365.25) + et

et ∼ N(0, σ2)

where dt,i is day-of-week dummies. Note that we only
need 6 day-of-week dummies.

Specifically, let t = 1 denote the starting day of the
testing period. When the detection system started, one-
step-ahead prediction (for t = 1) was made with param-
eters trained using counts up to t = 0. The standardized
prediction error was fed into the CUSUM method. Then
the time advanced by one day. The count corresponding
to t = 1 then was made available to the model. The
one-step-ahead prediction for t = 2 was made with
parameters trained using all the counts available up
to t = 1. The process was repeated until the end of
the testing period. This benchmark detection method is
referred to as the S+CUSUM method in the subsequent
discussions.

The second benchmark method, the trimmed-mean
seasonal ARMA model, was implemented following [9],
[8]. Observations made in the training period were used
to estimate the overall mean, the mean for day-of-week
and the trimmed-mean for day-of-year. For observa-
tions in the testing periods, the overall mean, the mean
for day-of-week and the trimmed-mean for day-of-year
were subtracted from the raw count. The de-meaned
counts were then fed into an ARMA(p,q) to filter out
high-frequency dependency. We chose p = 1 and q = 0

for Scenario 1 and p = 7 and q = 0 for Scenario 2
according to Akaike Information Criteria (AIC). One step
ahead predictions were calculated and prediction errors
from the ARMA model were then weighted according
to a linear-increasing pattern to compute the alert score.
New observations were included for parameter estima-
tion when available. This method is referred to as T+MA
(Moving Average) and our approach is referred to as MSJ
in subsequent discussion.

Note that we have adopted an “expanding window”
or “rolling horizon” approach for the baseline models as
well as our MSJ model. For a given day, all historical data
were used for model training and the most up-to-date
parameters were used for prediction and detection. The
original training period (as mentioned in the beginning
of Section 4) was mainly used for seasonality filtering,
model selection (for T+MA) and prior distributions set-
ting (for MSJ). The advantage of this expanding window
approach is the efficiency of using information available
to the underlying model.

4.3 Evaluation Metrics

We use two common syndromic surveillance evaluation
metrics in this study [32], [65], [66]. The first metric is
detection timeliness [62]. It measures the delay from the
onset of the disease outbreak to the first detection of the
disease outbreak at a given level of false alarm rate. If
an outbreak is not detected across the whole outbreak
period, the delay time is counted as the maximum
outbreak length in all testing runs (65 days for Scenario
1 and 28 days for Scenario 2).

The false alarm rate (FAR) is defined as the probability
of having an alarm for non-outbreak days [28], [29], [8],
[9]. For example, an FAR of 0.1 means that, on average,
there are about 365× 0.1 = 36 days with false alarms in
a year with no outbreaks.

The second metric is per-day detection sensitivity [9].
This metric measures the probability of detecting an
outbreak on an outbreak day. Given an alert threshold
h, let oh be the number of outbreak days that have alert
scores exceeding h and Q be the total outbreak days in
the testing dataset, the detection sensitivity is oh/Q.

4.4 Results

Fig. 3a and 3b plot the detection timeliness of Scenario
1 and 2 at different false alarm rates. The solid line
corresponds to the delay of our approach. Dashed and
dotted lines indicate the T+MA and S+CUSUM methods.
We consider the false alarm rate only when it is less than
or equal to 0.1. A detection system with a false alarm rate
higher than 0.1 is usually considered impractical because
of the high cost associated with confirming the false
alarms. As clearly observed in the figures, our approach
started with the lowest detection delay compared to
other benchmark methods. As the FAR increased, the
delay decreased for all methods. The detection delay of
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TABLE 5
Comparison of Detection Timeliness

FAR MSJ S+CUSUM T+MA dcu − dmsj dma − dmsj

(dmsj ) (dcu) (dma)
Scenario 1

0.0000 53.4 65.0 65.0 11.57 (0.44) 11.57 (0.44)
0.0125 30.2 52.8 22.7 22.57 (0.20) -7.57 (0.54)
0.0250 27.0 50.0 20.1 23.07 (0.22) -6.82 (0.52)
0.0500 22.6 42.6 15.2 20.04 (0.32) -7.43 (0.52)
0.0750 21.4 37.4 12.8 16.00 (0.40) -8.57 (0.46)
0.1000 18.6 32.9 10.6 14.36 (0.44) -7.96 (0.36)

Scenario 2
0.000 13.4 28.0 27.6 14.64 (0.12) 14.22 (0.14)
0.012 7.1 25.7 6.9 18.60 (< 0.01) -0.24 (0.96)
0.025 6.1 25.5 5.5 19.38 (< 0.01) -0.64 (0.60)
0.050 5.2 25.3 4.5 20.16 (< 0.01) -0.62 (0.62)
0.075 4.7 25.0 3.9 20.30 (< 0.01) -0.86 (0.46)
0.100 4.7 25.0 3.7 20.32 (< 0.01) -0.96 (0.44)

our approach remained the lowest for a range of FAR
and then the T+MA method became the lowest.

The S+CUSUM method had the worst detection speed.
The detection delay is at the maximum outbreak length
(65 days for Scenario 1 and 28 days for Scenario 2) when
the FAR is 0. It indicated that the S+CUSUM method
could detect no outbreaks when no false alarms were
allowed. The improvement of detection delay was the
smallest among all methods when FAR increases.

To further analyze the detection delay, we have tested
the null hypothesis that our approach and the bench-
mark methods have the same detection delay. The last
two columns of Table 5 report the differences in detection
delay and the p-values (in the parenthesis) for two-tailed
hypothesis testing. The p-value was computed using a
bootstrap procedure (see, e.g., [67] ). Our approach has
lower detection delay than the S+CUSUM method. The
difference is, in most cases, significant at conventional
confidence levels for Scenario 2 but not Scenario 1. On
the other hand, our method has higher detection delay
compared to the T+MA method except for the case of
FAR = 0. The difference, nevertheless, is not significant.
The results indicated that the detection timeliness of our
approach is better than that of the S+CUSUM method
but is at the same level as that of the T+MA method.

Fig. 4a and 4b plot the detection sensitivity of all
detection methods under the FAR we considered. Our
approach had the highest detection sensitivity compared
to the benchmark methods. The T+MA came in second,
followed by the S+CUSUM method. The performance
gaps remained consistent at FAR greater than 0.0125.
In fact, the sensitivity of our approach was on average
0.15 higher than the T+MA method in Scenario 1 and
0.09 higher in Scenario 2. The performance gap was
even larger (0.28 and 0.26) compared with the S+CUSUM
method. In some FARs, the gaps represented a relative
difference of more than 100%.

Table 6 summarizes the detection sensitivity of the
surveillance methods considered. The first three columns
report the sensitivity at different FARs. The last two
columns report the differences of sensitivity between our
approach and the benchmark methods. The parentheses

in the last two columns are the p-values of the statistical
tests hypothesizing equal performance of the two ap-
proaches. The p-value was computed using a bootstrap
method based on the paired comparison of all testing
days [68].

Because of the large number of testing days, it is
not surprising to see significant testing results across
all FARs. The p-values indicate that our approach is
significantly better than the two benchmark methods
across all FARs under consideration.

To better understand the intuition behind the perfor-
mance difference, we present the alert scores around an
outbreak period from the three surveillance methods.
As plotted in Fig. 5a, the top panel is the input time
series to the surveillance methods. The following three
panels present the alert scores from our approach, the
S+CUSUM method, and the T+MA method. The solid
blue lines in the three lower panels mark the beginning
and ending of the outbreak period. The horizontal green
dashed lines mark the thresholds corresponding to a
FAR of 0.0125. The alert scores higher than the thresholds
are marked as outbreak days by the three methods.

In this example, the outbreak lasted for 60 days. The
MSJ method detected the outbreak first at the 28th day
and continued through the 58th day. The T+MA method
first detected the outbreak at the 20th day. However,
the alert score fell below the threshold the next day
and fluctuated around the threshold for the next few
days. It was not until the 28th day when the alert scores
move beyond the threshold steadily and fell below the
threshold again at the 42th day. The S+CUSUM method
did not output scores higher than the threshold during
the outbreak period. In total, our method detected 31
outbreak days, compared to 20 days by the T+MA
method and 0 day by the S+CUSUM method.

Clearly, our approach had the best sensitivity. More
than half of the outbreak days were correctly detected.
Compared to our approach, the T+MA method detected
the onset of the outbreak with similar speed. However,
our approach did a much better job in detecting the
end of the outbreak. The ability to better detecting the
ending of an outbreak contributes to the higher detection
sensitivity of our approach.

One salient characteristic of this input time series is
a jump at the end of the year “2109.” Both the T+MA
method and the S+CUSUM method were seriously dis-
rupted by the jump, causing elevated alert scores. Our
approach, on the other hand, filtered out the jump
effectively and output reasonably low scores around the
jump day. The unique ability to filter out the jumps keeps
the false alarm rate low and leads to a better detection
sensitivity.

Fig. 5b plots another example from Scenario 2. The
simulated outbreak started from 8/24/1996 and lasted
for 28 days. Note that all methods reported escalated
alert scores at the beginning of year 1996, indicating a
possible outbreak. Using the threshold associated with
a FAR of 0.025, we can see that MSJ, T+MA, and
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Fig. 3. Performance Comparison: Timeliness
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Fig. 4. Performance Comparison: Sensitivity

S+CUSUM methods marked 17, 11, and 8 days as hav-
ing outbreaks during late January to early February.
From a domain perspective, it is extremely hard to
verify whether there was actually an outbreak during
this period and exactly how long the outbreak lasted.
All three methods under consideration, nevertheless,
were exposed to the same “noise” and thus the relative
performance among the three methods should still be
meaningful.

It is interesting to observe that even though the MSJ
marked the most false positives during early 1996, it
actually detected the highest number of outbreak days
(7) compared to T+MV (4 days) and S+CUSUM (0 day)

under a fixed FAR (0.025). In this particular example,
the MSJ method detected the outbreak two days before
T+MV. The worse performance of T+MV may be caused
by the higher alert scores during early 1996 compared
to those during the outbreak period. The MSJ method
automatically adjusted the alert score to the range of
0 and 1 and thus was more sensitive and detected the
outbreak earlier.

We also note that S+CUSUM seemed to over-react
to the deviation during early 1996 and the alert scores
during that period of time were almost as twice as those
generated by the simulated outbreak. It may be caused
by the deterministic natural of the Serfling model. The
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TABLE 6
Comparison of Detection Sensitivity

FAR MSJ S+CUSUM T+MA scu − smsj sma − smsj

(smsj ) (scu) (sma)
Scenario 1

0.0000 0.008 0.000 0.000 0.008 (< 0.01) 0.008 (< 0.01)
0.0125 0.459 0.140 0.286 0.320 (< 0.01) 0.174 (< 0.01)
0.0250 0.498 0.195 0.341 0.302 (< 0.01) 0.156 (< 0.01)
0.0500 0.552 0.267 0.399 0.286 (< 0.01) 0.153 (< 0.01)
0.0750 0.590 0.331 0.450 0.259 (< 0.01) 0.141 (< 0.01)
0.1000 0.624 0.395 0.484 0.228 (< 0.01) 0.140 (< 0.01)

Scenario 2
0.0000 0.070 0.000 0.001 0.070 (< 0.01) 0.069 (< 0.01)
0.0125 0.217 0.083 0.142 0.134 (< 0.01) 0.075 (< 0.01)
0.0250 0.266 0.093 0.216 0.173 (< 0.01) 0.050 (< 0.01)
0.0500 0.383 0.099 0.298 0.284 (< 0.01) 0.086 (< 0.01)
0.0750 0.461 0.109 0.355 0.352 (< 0.01) 0.106 (< 0.01)
0.1000 0.497 0.116 0.382 0.381 (< 0.01) 0.115 (< 0.01)

estimated variance of the Serfling model was too small
compared to that of the ARIMA model. Smaller variance
leads to higher standardized errors and elevated alert
scores.

5 CONCLUSION

Disease outbreak detection using time series data is
an important function for syndromic surveillance sys-
tems. We treated the disease outbreak as hidden out-
break states and developed a Markov switching with
jumps model for syndromic surveillance. To handle the
negative effect caused by the jumps in the observed
time series, we extended the Markov switching model
to include an extreme value filtering component. The
negative effect of jumps can be successfully filtered out,
which led to a lower false alarm rate.

We evaluated our disease outbreak detection approach
using both simulated and real-world baseline time series,
together with outbreaks simulated following established
methods. Two benchmark surveillance methods were
included. The first benchmark method, S+CUSUM, uses
the Serfling model to filter out seasonal fluctuation and
then applies the CUSUM method on standardized pre-
diction errors. The second benchmark method, T+MA,
uses trimmed-mean seasonal ARMA model and com-
putes the alert scores using linear increasing weights.
The evaluation results showed that our method achieved
a similar level of detection timeliness and higher de-
tection sensitivity compared to the benchmark outbreak
detection methods. Our approach had a detection sensi-
tivity 23% to 328% higher than the benchmark methods.

We applied an earlier version of the detection methods
reported in this paper in a disease outbreak detection
algorithm competition organized by the International
Society for Disease Surveillance in 2007. Our method
ranked the third among participating methods. The
performance gap between our method and the best-
performing algorithm is within 6%.

The results reported in our study suggest a promising
future for the use of hidden state variables to model the
changing dynamics of observed surveillance time series.
We plan to extend our approach to outbreak detection

with multiple data streams through multivariate time
series analysis based on Markov switching. We are also
exploring opportunities to apply the approach devel-
oped in this paper in areas beyond infectious disease
informatics. One such area is sensor data integration and
anomaly detection.

APPENDIX

Appendices can be found on the Computer Society Dig-
ital Library (http://www2.computer.org/portal/web/
csdl).
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