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An improved cumulative sum-based
procedure for prospective disease
surveillance for count data in multiple
regions
Sesha Dassanayake*† and Joshua P. French

We present an improved procedure for detecting outbreaks in multiple spatial regions using count data. We
combine well-known methods for disease surveillance with recent developments from other areas to provide a
more powerful procedure that is still relatively simple and fast to implement. Disease counts from neighboring
regions are aggregated to compute a Poisson cumulative sum statistic for each region of interest. Instead of con-
trolling the average run length criterion in the monitoring process, we instead utilize the FDR, which is more ap-
propriate in a public health context. Additionally, p-values are used to make decisions instead of traditional
critical values. The use of the FDR and p-values in testing allows us to utilize recently developed multiple testing
methodologies, greatly increasing the power of this procedure. This is verified using a simulation experiment.
The simplicity and rapid detection ability of this procedure make it useful in disease surveillance settings. The
procedure is successfully applied in detecting the 2011 Salmonella Newport outbreak in 16 German federal
states. Copyright © 2016 John Wiley & Sons, Ltd.
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1. Introduction

Emerging disease clusters must be detected in a timely manner so that necessary remedial action can be
taken to prevent the spread of an outbreak. Consequently, prospective disease surveillance has gained
prominence as a rapidly growing area of research during the past decade [1]. In prospective surveillance,
a decision is made at regular time intervals about the incidence of an outbreak, based on the data avail-
able up to that time. This is different from the traditional retrospective analysis where the entire data set
is available for analysis.

Unkel et al. [1] broadly classify statistical methods proposed for prospective surveillance into time
series methods, regression-based methods, statistical process control (SPC) methods, methods incorpo-
rating spatial information, and multivariate detection methods. Out of these methods, SPC methods have
a long history of application in public health surveillance [2]. As the name suggests, many of the SPC
methods originated in industrial process control but have lately been adapted for use in public health sur-
veillance [3]. A key example is the cumulative sum (CUSUM) method, which is utilized in Bio-Sense,
developed by the Center for Disease Control, and Electronic Surveillance System for the Early Notifica-
tion of Community-based Epidemics (ESSENSE), developed by the Department of Defense and Johns
Hopkins University [4].

The CUSUM method cumulates the previous CUSUM statistic and the difference between an ob-
served value and a reference value. The new statistic is the maximum of 0 and the cumulated value.
When the process is ‘in control’ (i.e., no outbreak), we do not want to sound an alarm. When the process
is ‘out of control’ (i.e., there is an outbreak), we want to sound an alarm. The method was originally de-
veloped for normally distributed data by Page [5] and was later extended to Poisson data by Lucas [6].
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Raubertas [7] extended the purely temporal Poisson CUSUM method to a spatiotemporal set-
ting. Disease counts from neighboring regions are pooled together to form regional neighbor-
hoods. In pooling counts, a weighted average is calculated using the distance between regions
as a weight. A CUSUM statistic is formed for each regional neighborhood, and an alarm is sig-
naled when the CUSUM statistic exceeds the appropriate threshold. Later, Rogerson and Yamada
[8] extended Raubertas’s [7] method in two ways: First, they extended the method so that the
expected counts can vary over time; second, they adopted a method that permits monitoring of
regional neighborhood counts for subregions and their surrounding neighbors. The multiple testing
problem that arises when testing multiple regional statistics simultaneously was handled by
controlling the familywise error rate (FWER), using the popular Bonferroni correction. This
method is somewhat similar to the method used in traditional multiple Poisson CUSUM charts
utilized in industrial process control, where the multiple testing problem is handled by using
the Bonferroni correction [9].

The objective of FWER procedures is to control the probability of even one false discovery, which
exerts a stringent control when a large number of tests are performed simultaneously. Benjamini and
Hochberg [10] popularized a less stringent error criterion for false discoveries, namely the expected
proportion of false discoveries or the FDR. Compared with FWER-controlling methods, FDR-
controlling methods have more power at the expense of additional false alarms. Benjamini and
Hochberg [10] proposed a procedure for controlling the FDR in the context of independent test statis-
tics. The procedure was extended to dependent statistics by Benjamini and Yekutieli [11]. FDR-
controlling procedures have recently been adopted to handle multiple testing problems in SPC-based
out-of-control processes [12].

Most CUSUM-based methods signal an alarm once the CUSUM statistic exceeds the appropriate
threshold or critical value. In contrast, Li et al. [13] proposed a procedure using p-values, instead
of critical values, to determine whether an alarm should be signaled. When the in-control distribu-
tion is known, Li et al. [13] suggest using Monte Carlo simulations to simulate the in-control dis-
tribution and estimate p-values. When the in-control distribution is unknown, bootstrap methods
can be utilized to determine the empirical in-control distribution and estimate the p-values.

In the context of industrial process control, Li and Tsung [9] proposed a new CUSUM-based
method that controls the FDR when multiple processes are being considered. One calculates a
CUSUM statistic at each time step for each of the processes. The corresponding p-value for each
process at each time step is calculated using a random walk-based approximation. Li and Tsung [9]
provide the option of using the procedure of Benjamini and Hochberg [10] if the multiple statistics
are assumed to be independent and the Benjamini–Yekutieli (BY) extension [11] if the statistics are
assumed to be dependent.

The proposed method is a combination of several of these approaches: As proposed by
Raubertas [7], the neighborhood disease counts are pooled in calculating the Poisson CUSUM sta-
tistic for each regional neighborhood; following the guidelines of Li et al. [13], these CUSUM sta-
tistics and bootstrap methods are used to compute p-values from which alarms are signaled—
instead of using critical values. Adapting the method of Li and Tsung [9], FDR procedures are
used to handle the multiple testing problem as opposed to using FWER-based techniques. We fur-
ther improve the power of the procedure by utilizing an FDR-controlling technique proposed by
Storey and Tibshirani [14] in addition to the method proposed by Benjamini and Yekutieli [11].

One begins the method by first setting an overall FDR level that the procedure is supposed to
control. Then, at each time step, the disease counts of immediate neighbors are pooled together to
compute a CUSUM statistic for each neighborhood. Next, Monte Carlo simulations or bootstrap
methods can be used to approximate the in-control (no outbreak) distribution of the neighborhood
CUSUM statistics, from which the corresponding p-values can be calculated. As multiple dependent
statistics are tested simultaneously, two popular FDR-based methods are utilized to handle the
multiple testing problem.

Section 2 provides additional details of the proposed method along with specifics of the Poisson
CUSUM method and details of the popular FDR-based multiple testing procedures used in the
algorithm. Section 3 provides the results of a simulation study using the proposed methodology, and
Section 4 illustrates the results by applying the method to detect a Salmonella Newport outbreak in
Germany; these results are compared with the results from traditional multiple CUSUM charts. Finally,
Section 5 summarizes the strengths of the proposed method and provides some potential future
directions for research.
Copyright © 2016 John Wiley & Sons, Ltd. Statist. Med. 2016, 35 2593–2608
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2. Methods

2.1. Standard cumulative sum

The CUSUM method was proposed by Page [5] to detect small persistent changes in the mean of a pro-
cess. The initial formulation of the CUSUM method assumed that the responses were uncorrelated and
normally distributed. Later, Lucas [6] extended the CUSUM method to uncorrelated count data gener-
ated from a Poisson distribution. We describe the CUSUM method in this setting. Let Y1, Y2,…,Yn
be the response values at times t=1, 2,…,n. The goal is to sound an alarm when the response mean
shifts from the ‘in-control process’mean of λ0 to the ‘out-of-control process’mean of λ1. The monitoring
statistic used for the Poisson CUSUM method is

Ct ¼ max 0;Ct�1 þ Y t � kð Þ; (1)

where Yt is the count observed at time t, Ct is the Poisson CUSUM statistic at time t, k is a value chosen
to minimize the detection time after a mean shift, and C0 is defined to be 0. The CUSUM statistic is the
larger of 0 and the sum of the CUSUM statistic for the previous time step with the difference between
the observed value Yt and the reference value k. The value k in equation 1 is chosen to minimize the time
to detect a mean change from λ0 to λ1 (where λ1> λ0) and is determined by the formula

k ¼ λ1 � λ0
ln λ1 � ln λ0

: (2)

An alarm is signaled when Ct>h, where h is a threshold or a critical value chosen to control the error
rate. The threshold h is a function of the value of the parameter k, and the desired in-control average
run length, ARL0, is calculated using either Monte Carlo simulations or statistical tables. The ARL0 is
defined as the desired average time between two false alarms when the process is in control. Robertson
et al. [15] point out that ARL0 ‘can be difficult to specify.… In practice, approximations are used to
estimate the value for h for a chosen ARL0 [16], though this remains a key issue in CUSUM methods’.
Moustakides [17] proved that the CUSUM was the optimal procedure for detecting the mean shift, in the
sense that ‘among all procedures with the same ARL0, the optimal procedure has the smallest time until it
signals a change, once the process shifts to the out-of-control state’. The popularity of the Poisson
CUSUM method over other SPC methods is perhaps due to this theoretical optimality property.

2.2. Extending Poisson cumulative sum to a spatial setting

The original CUSUM method and its immediate extensions are univariate and purely temporal methods.
Furthermore, different spatial extensions of the CUSUM methods have been proposed for spatiotempo-
ral surveillance by Raubertas [7], Rogerson [18], and Rogerson and Yamada [8].

Raubertas [7] pooled the data in neighborhoods using distance-based weights to form regional neigh-
borhoods. Suppose that we have m spatial regions where disease counts are observed, and let Ylt be the
disease count in region l at time t. Because larger populations are generally expected to have greater
counts of disease incidence, an adjustment must be made before computing the value of k, previously
described in equation 2. Let λ0l be the expected number of cases in region l, nl be the at-risk population
in region l, and γ0 be a baseline disease rate common to all regions. Then, we have λ0l=nlγ0. If we desire
to detect a disease outbreak when the disease rate shifts to γ1, then λ1l=nlγ1. Using λ0l and λ1l, the re-
quired kl for calculating the CUSUM statistic can then be computed using equation 2. Although λ0l,
λ1l, and the corresponding kl can vary with changing population sizes, nl, we considered the case of a
constant fixed population in our simulation experiments, meaning kl is fixed for the observed time pe-
riod. The pooled count of unit i at time t is

Y ′
it ¼ ∑

m

l¼1
wilY lt;

where wil is a measure of closeness between regions i and l. Similar pooling defines λ′0i; λ
′
1i, and k ′i. For

each regional neighborhood, a pooled CUSUM statistic is calculated, and an alarm is triggered if the sta-
tistic exceeds a threshold. Extensions of this method allow time-varying parameters for k and λ [7]. Al-
ternative approaches are given by Purdy et al. [19]. Our proposed methodology maintains the general
framework of Raubertas [7], with important changes described later.
Copyright © 2016 John Wiley & Sons, Ltd. Statist. Med. 2016, 35 2593–2608
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We also note that another possible approach for extending the Poisson CUSUM method to a
spatial setting is to calculate a univariate CUSUM statistic for each region and then sound the
alarm when the statistic exceeds a threshold adjusted to account for the multiple testing problem
(e.g., adjusting using the Bonferroni correction). This is a method that is used in traditional
multivariate process control [9]. Rogerson and Yamada [8] outline a similar method that can be
applied for disease surveillance over multiple geographic regions. According to this method, the
threshold h for each regional CUSUM chart is calculated as follows. First, the familywise type I
error rate, α′, is decided upon (e.g., a common choice is α′=0.05). Rogerson and Yamada [8]
model run lengths as having an exponential distribution and desire the following relationship to hold:
p(run length<m) =α′, where m is the number of spatial regions. Using the exponential distribution,
p(run length<m) = 1� exp(�mθ), where θ is the rate parameter of the exponential distribution and is
chosen so that 1� exp(�mθ) = 0.05. This implies an average run length of 1/θ, because the mean of
the exponential distribution is the reciprocal of the rate parameter. Using this ARL0 and the region
specific k, the threshold h for each region can be calculated. This method is applied to the case study
presented in Section 4, where the results from this FWER-based method are compared with the
results of the proposed FDR-based method.

2.3. Modifications for a more powerful procedure

Instead of using the traditional critical value-based testing method in the CUSUM procedure, we instead
utilize p-values as described by Li et al. [13]. According to the first setting considered by Li et al. [13],
when the in-control process distribution is known, p-values may be estimated using Monte Carlo simu-
lations. More specifically, their algorithm starts by collecting in-control observations Y1,Y2,…,Yt at a
given time point t. With these observations, the corresponding CUSUM statistics C1,C2,…,Ct are com-
puted. Next, B data sets from the in-control distribution are simulated, and for each of these data sets, the
corresponding CUSUM statistics are computed. Using these statistics at each time point t, the empirical
distribution of Ct is determined. At each time step, using Ct and the corresponding empirical distribution,
the p-values are estimated as the proportion of samples where the associated CUSUM statistic is at least
as large as the observed test statistic. When the in-control distribution is unknown, p-values may be es-
timated using bootstrap methods [13].

In addition to using p-values in our proposed procedure, we also utilize the FDR for error
control. Because we will be monitoring multiple spatial regions, we clearly have a multiple testing
problem. Li and Tsung [9] utilized the FDR to manage this problem in the context of traditional
SPC methods using critical values; we follow the same pattern using p-values, instead of critical
values.

Benjamini and Hochberg [10] popularized the concept of FDR to handle the multiple testing problem.
The FDR is defined as the expected proportion of false discoveries among all discoveries:

FDR ¼ E V=R½ �;
where V is the number of true null hypotheses that are declared significant and R is the total number of
hypotheses that are declared significant out of m tests.

Numerous procedures have been proposed to control the FDR of numerous tests:

• In the simplest case, it is assumed that the m test statistics are independent. In that case, Benjamini
and Hochberg [10] showed that the following procedure controls the FDR at level α. Consider test-
ing hypotheses H1,…,Hm, and let p(1)≤p(2)≤…≤p(m) be the ordered observed p-values, with H(i)

denoting the corresponding hypothesis. Define j=max{i :p(i)≤αi/m}, and reject H(1),…,H(j). If no
such i exists, reject no hypotheses. We will refer to this procedure as the Benjamini–Hochberg
(BH) procedure.

• Benjamini and Yekutieli [11] proposed a modification of the BH procedure when the test statistics
of the m tests are dependent. Specifically, if the αi/m utilized in the BH procedure is replaced with

α=∑
m

i¼1
i�1, then the FDR will still be controlled at level α. We will refer to this as the BY procedure.

Both the BH and BY procedures were used by Li and Tsung [9] to control the FDR.
• A more powerful and up-to-date alternative is the Storey–Tibshirani (ST) procedure. Storey

and Tibshirani [14] pointed out that the original FDR method proposed by Benjamini and
Hochberg [10] is conservative and results in a substantial loss of power. To gain more power,
Copyright © 2016 John Wiley & Sons, Ltd. Statist. Med. 2016, 35 2593–2608



S. DASSANAYAKE AND J. P. FRENCH

2597
Storey and Tibshirani [14] introduced the q-value as an FDR-based measure of significance
instead of the p-value, which is an FWER-based measure of significance. Whereas the p-
value of a test measures the minimum false positive rate that is incurred when calling the test
significant, the q-value of a test measures the minimum FDR that is incurred when calling a
test significant. We describe this method in greater detail below.

An alternative definition of the q-value for a particular set of tests is that it is the expected proportion
of false positives incurred when calling a test significant. Using this definition, Storey and Tibshirani
[14] derived an expression for the false positive rate when calling all tests significant whose p-value
is less than or equal to some threshold t, where 0≤ t≤1. The expected proportion of false positives is
approximated by dividing the expected number of false positives by the expected total number of signif-
icant tests, for large m. The denominator is easily estimated by using the total number of observed p-
values that are less than or equal to t. The numerator, the expected number of false positives, is much
trickier and is obtained by multiplying the probability of a true null hypothesis being rejected by the total
number of true null hypotheses, m0. In finding the probability of a true null hypothesis being rejected, we
need to use the result that the p-values corresponding to the null hypothesis are uniformly distributed. As
a result, the probability that a null p-value being less than or equal to t is simply t. So the expected num-
ber of false positives is m0t. However, because m0 is unknown, the proportion of true null hypotheses,
π0 =m0/m, has to be estimated.

The key step in the method is an approximation of π0. In estimating π0, Storey and Tibshirani [14]
make use of the fact that the distribution of true null hypothesis follows a uniform distribution and
the distribution of truly alternative hypothesis is close to zero. They estimated π0 by considering the den-
sity of the uniformly distributed section of the density histogram of the p-values.

Putting all of these components together, using the estimated proportion of true null hypotheses, π0̂,
the formula for computing the q-value, qi, for a given p-value, t, is

π0^mt

count pi < t; i ¼ 1; ; ;mf g:

Likewise, a q-value for each test can be calculated, and the resulting q-values can be ordered at each
time step from the smallest to largest. Once a significance threshold of α is decided upon, a set of sig-
nificance tests is identified where a proportion of α is expected to be false positive.

It is important to make a distinction between FDR and an alternative quantity called pFDR, under
which the q-value is technically defined. FDR can be loosely defined by FDR=E(V/R), while the pFDR
is defined as pFDR=E(V/R|R>0), to avoid V/R being undefined when R=0 [14]. Just as a p-value is
defined as the minimum false positive rate when calling the test significant, using pFDR, a q-value
can be defined as the minimum pFDR at which the test is called significant [20]. For large m, when
performing surveillance over a large number of smaller geographic units, such as for statewide or nation-
wide surveillance, pFDR≈FDR=E[V]/E[R].

As pointed out by Storey and Tibshirani [14], their procedure can be used for models with dependent
statistics when the ‘weak dependence’ criterion is satisfied. According to them, ‘as a rule of thumb, the
more local the dependence is, the more likely it is to meet the weak dependence criterion’. The local de-
pendence in the model generated by regional neighborhoods satisfies the weak dependence criterion.
(For a formal mathematical definition of weak dependence, see remark D in [14].)

2.4. Detailed description of the proposed methodology

First, the desired FDR of all charts, α, is decided. At each time t, disease counts for each of the m regions
Y1t,Y2t,…,Ymt are collected. Disease counts of immediate neighbors are pooled to form regional neigh-
borhoods with counts Y ′

1t;Y
′
2t;…;Y ′

mt. Then, the corresponding CUSUM statistics for the regional neigh-
borhoods C′

1t;C
′
2t;…C′

mt are calculated. For each region, B data sets are simulated based on the assumed
known in-control distribution. Using these, for each regional neighborhood, an empirical distribution is
determined from which the corresponding p-values p′1t , p

′
2t;…; p′mt are calculated. Lastly, an appropriate

FDR-controlling procedure is used to make decisions about whether an alarm should be signaled.
Alternatively, bootstrap methods can be used instead to calculate the p-values. As before, after defin-

ing the overall FDR level, at each time point t, disease counts for each of the m regions Y1t,Y2t,…,Ymt
are collected. Then, the disease counts of the immediate neighbors are pooled to form counts for regional
Copyright © 2016 John Wiley & Sons, Ltd. Statist. Med. 2016, 35 2593–2608
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neighborhoods Y ′
1t; Y

′
2t;…;Y ′

mt . Using these counts, the corresponding CUSUM statistics for the re-
gional neighborhoods C′

1t;C
′
2t;…C′

mt are calculated. However, because the in-control distribution is un-
known in this case, bootstrap methods are used to determine the empirical in-control distribution. Fixing
the time period for which the counts follow the in-control distribution, B bootstrap samples of regional
counts from the in-control time period are drawn with replacement across time while preserving the spa-
tial relationships between the counts. Specifically, instead of sampling the counts of individual regions,
we instead sample B times from the in-control time period. The entire set of regional counts for each
sampled time is then used as a single sample of bootstrapped data. For the bootstrap samples, the corre-
sponding CUSUM statistics are computed to determine the empirical in-control distribution. Using this
empirical in-control distribution and the CUSUM statistics for the regional neighborhoods
C′

1t;C
′
2t;…C′

mt , the corresponding p-values for each regional neighborhood at time t, p′1t , p
′
2t;…; p′mt ,

are calculated. Finally, a FDR-controlling procedure is used to determine the alarms, as before, because
multiple p-values are compared simultaneously.

We will compare several FDR-controlling procedures in Section 3. The BH procedure will be used as a
baseline. Next, the BY procedure will be used to see how accounting for dependence between test statistics
improves performance. Lastly, the ST procedure will be used to highlight the additional gain in power.

2.5. Contrast with existing methods

The proposed method is better suited for disease surveillance compared with the conventional methods
for several reasons: (i) the use of p-values in hypothesis testing is typically preferred over critical values;
(ii) the use of FDR for error control is better in a public health setting than the standard ARL0 used in
SPC; and (iii) the multiple testing problem can be easily handled using a variety of off-the-shelf proce-
dures. These points are elaborated below.

Conventional SPC methods were designed using thresholds or critical values. The use of p-values has
many advantages over the conventional approach:

(1) P-values are used by most disciplines using statistics, whereas critical values are only used in
certain contexts.

(2) When a signal of distributional shift is delivered, p-values can be used to quantify the strength of
evidence of an outbreak. Results can indicate a range from no evidence, weak evidence, moderate
evidence, strong evidence, and so on. However, with the conventional critical value approach, it is
difficult to quantify the strength of evidence because the statistics are not on a standard scale from
one setting to another.

The FDR is more appropriate for handling the multiple testing problem in surveillance scenarios than
the ARL0. The concept of ARL0 originated in an industrial process control setting. When the process is in
operation, an alarm is signaled when the CUSUM statistic crosses a predefined threshold, and the pro-
cess is stopped. Sometimes, even when the process is in control, the CUSUM will signal an alarm. This
is a false alarm and is analogous to a type I error. The ARL0 is defined as the expected time until a false
alarm. We make the following points in favor of using the FDR over ARL0 in a disease surveillance
setting:

The appropriateness of using FDR in a disease surveillance setting over the use of traditional
ARL0-based methods is elaborated upon later in the text:

(1) The FDR in a process-monitoring scheme may be regarded as the expected proportion of out-of con-
trol signals that turn out to be false alarms. On the other hand, the false alarm rate is the probability of
concluding that the in-control process is out of control when it is actually in control. Therefore, FDR
has a more meaningful interpretation in the surveillance setting than the false alarm rate. For exam-
ple, if the FDR control level is 0.01, it is expected that one out of 100 alarms may be false. However,
a false alarm rate of 0.01 simply means that we would sound an alarm for an in-control process one
out of 100 times.We are more interested in controlling the error rate for out-of-control processes than
in-control processes.

(2) FDR is directly related to predictive value positive (PVP), one of the seven attributes used by the
Center for Disease Control for evaluating surveillance systems, because FDR=1�PVP.

(3) The ARL0 does not make sense in a health context although it is meaningful in an SPC context. A
run length is defined as the number of observations from the starting point to the point where the
Copyright © 2016 John Wiley & Sons, Ltd. Statist. Med. 2016, 35 2593–2608
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statistic crosses a predefined threshold. When such a shift occurs, the process might be stopped
and restarted again. In contrast to an industrial process, an emerging disease outbreak cannot be
stopped, so the concept of a run length is not as appropriate in a health context.

Lastly, using FDR provides us with a host of up-to-date methods to handle the multiple testing prob-
lem such as BH [10], BY [11], and ST [14] procedures. It is possible to gain more power with these
methods compared with techniques controlling the FWER such as the Bonferroni correction.

3. Simulation experiment

3.1. Experiment setup

Our simulation experiment consists of a study area composed of 25 regions on a five-by-five grid. The
time period considered by the simulation experiment was 100 time points or ‘days’. No outbreak oc-
curred during the first 50 days (days 1–50); disease counts for each of the 25 regions for the first half
of the simulation were simulated as independent Poisson random variables with a constant mean of
λ0i=4, i=1,…, 25. However, for the second half of the simulation (days 51–100), an outbreak was sim-
ulated where the Poisson means for the regions peak in the center and tapered toward the edges. The out-
of-control means are denoted by λ1i, i=1,…, 25.

Specifically, as illustrated in Figure 1, the four corner regions 1, 5, 21, and 25 obtain the mean
shifts of 0.2 standard deviations from the original mean. Regions 2, 3, 4, 6, 10, 11, 15, 16, 20, 22,
23, and 24 obtain 0.3 standard deviation mean increases to 4.6. The middle regions 7, 8, 9, 12, 14,
17, 18, and 19 obtain 0.75 standard deviation mean increases to 5.5. Finally, the mean of region 13
increases by one standard deviation to 6. The out-of-control process means are shown in Figure 1.

For this simulation, each of the 25 CUSUM statistics was designed with an in-control Poisson mean
(λ0) of 4 and an out-of-control Poisson mean (λ1) of 6. In other words, because the in-control mean is 4
(standard deviation is 2), the CUSUM statistic is built to detect a change of one standard deviation in-
crease. Using the first method of Li et al. [13], 10,000 Monte Carlo simulations were used to determine
the empirical in-control distribution. The desired level of the FDR was set to α=0.05.

3.2. Simulation results

Figures 2 and 3 show the results for a single simulation for regions 1 and 13, respectively. Region 1 has
the smallest shift in mean with a 0.2 standard deviation increase while region 13 has a one standard de-
viation increase.

Figure 2 summarizes the results of a single simulation over the 100-day period for region 1, where the
process mean was 4 for times 1–50 and 4.4 for times 51–100. Figure 3(a) shows the disease counts for
Figure 1. The out-of-control mean disease counts (λ1i, i=1, 2,…, 25) of the 25 regions for days 51–100 of the
simulation experiment are indicated in the center of the regions. Region numbers are indicated at the top of each

region in smaller font.

Copyright © 2016 John Wiley & Sons, Ltd. Statist. Med. 2016, 35 2593–2608
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Figure 2. Summary plots for region 1: (a) disease counts, (b) CUSUM statistics, (c) differences, and (d) alarms.
In plot (c), the blue line shows the difference, (αBH� p-value), where αBH is the threshold using the BH proce-
dure for the independent model. Similarly, the red line shows the difference, (αBY�p-value), where αBY is the
threshold using the BY procedure for the pooled model; the orange line shows the difference, (0.05� q-value),
where 0.05 is the overall FDR using the ST procedure for the pooled model. The gray horizontal line indicates a

zero difference.
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region 1 over the 100-day period for a single simulation. The blue line shows the observed counts in re-
gion 1, whereas the red line shows the pooled counts: Pooled counts were calculated by totaling the
counts of the region of interest, in this case region 1, and its immediate neighbors that share a common
boundary (regions 2, 6, and 7). In other words, the region of interest and its immediate neighbors each
obtain a weight of 1. Figure 3(b) shows the CUSUM statistic for the observed (blue) and pooled (red)
counts; note that the CUSUM statistic for the observed counts does not show any large increase, except
for a relatively small spike at day 80, in the presence of the outbreak (days 51–100). Recall that region 1
obtains the smallest increase of a 0.2 standard deviation shift in the mean. The CUSUM statistic using
the observed regional counts is designed to respond to a much larger increase of a one standard deviation
shift and is not sensitive to this relatively small change. However, the CUSUM statistic for pooled re-
gional neighborhood counts captures information from neighboring counts as well and indicates a sub-
stantial rise after day 51. In Figure 3(c) the blue line shows the difference, (αBH�p-value), for the
independent model, where αBH is the p-value threshold using the BH procedure; similarly, the red line
shows the difference, (αBY�p-value), for the pooled model where αBY is the p-value threshold using
the BY procedure; finally, the orange line shows the difference, (0.05�q-value), for the pooled model,
where 0.05 is the overall FDR at each time using the ST procedure. All three plots are displayed together
for ease of comparison. Note that the point at which an alarm will be signaled is the time at which the
difference exceeds 0, shown by the gray horizontal line. The last figure, Figure 3(d), displays these
alarms for the three multiple comparison procedures previously discussed: BH, BY, and ST. The BH
procedure (applied to the CUSUM statistic from the observed counts) sounds only one alarm on day
80. The BY procedure (applied to the CUSUM statistic for pooled counts) starts to sound alarms after
day 57, while the ST procedure starts indicating regular alarms much earlier (beginning at day 51)
and always sounds an alarm when the BH procedure sounds an alarm.
Copyright © 2016 John Wiley & Sons, Ltd. Statist. Med. 2016, 35 2593–2608



Figure 3. Summary plots for region 13: (a) disease counts, (b) CUSUM statistics, (c) differences, and (d) alarms. In
plot (c), the blue line shows the difference, (αBH� p-value), where αBH is the threshold using the BH procedure for
the independent model. Similarly, the red line shows the difference, (αBY�p-value), where αBY is the threshold using
the BY procedure for the pooled model; the orange line shows the difference, (0.05� q-value ), where 0.05 is the
overall FDR using the ST procedure for the pooled model. The gray horizontal line indicates a zero difference.
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Figure 3 contains the plots for region 13, with the highest step increase of one standard
deviation. Note that the CUSUM statistic in this simulation was designed to detect a change of
this magnitude. The alarms are more persistent for all three procedures, with the ST procedure
(orange line) identifying the outbreak the earliest (on day 51, right at the beginning of the out-
break), followed by the BY procedure (red line) on day 53 and the BH procedure (blue line)
on day 57.

To confirm that the three procedures are controlling the FDR at the desired level of α=0.05, we cal-
culated the observed proportion of false discoveries for each procedure for 100 independent simulations,
using the same experimental setup in Section 3.1 for each simulation. Box plots of the results for each
procedure are displayed in Figure 4. Clearly, the overall FDR is below the specified 0.05 for all three
procedures.
2601
3.3. Additional investigation of power

We now discuss the ‘power’ of the three procedures more carefully. To show that these results are con-
sistent, the conditional expected delays (CEDs) and the probability of alarm (PAs) for a large number of
simulations were calculated for the three models.

The CED and probability of a false alarm (PFA) are commonly used measures of evaluation in sur-
veillance. Frisén [21] discusses these two measures and several performance measures used in statistical
surveillance. CED is a measure commonly used to compare speed of detection, and PFA is used to com-
pare false alarm rates.

Let tA=min{t :S(t)> t} be the alarm time of a surveillance statistic crossing the threshold h. CED is
the average delay time until an alarm when the change occurs at time point τ and defined as

CED τð Þ ¼ E tA � τjtA≥τ½ �:
Copyright © 2016 John Wiley & Sons, Ltd. Statist. Med. 2016, 35 2593–2608



Figure 4. The box plots of proportion of false discoveries for all three procedures over 100 simulations. Results
for the BH procedure are shown on the far left, those for the BY procedure in the middle, and those for the ST

procedure on the far right.
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The other measure, PFA is defined as

PFA ¼ P tA < τð Þ:

Robertson et al. [15] point out that a surveillance system should provide ‘quick detection and few
false alarms’. Furthermore, Jiang et al. [22] point out that ‘design and evaluation of a surveillance
method need to trade-off between false alarm probabilities and detection delays’. Therefore, PFA and
CED are useful measures to evaluate the performance of surveillance systems.

In our setting, we are controlling the FDR. Because the FDR should be held constant across proce-
dures, a more appropriate measure of power in our context is simply the PA. Because the FDR at each
time step is held constant across procedures, the most powerful procedure will be the one that sounds an
alarm most frequently; we estimate this by dividing the total number of alarms by the total number of
tests.

In calculating CED and PA for the three models, a range of change points (5, 10, 15,…, 95) was con-
sidered (recall that the simulation results presented earlier were for the case where the change point was
day 51). For each change point, 100 simulations were performed. For example, 100 data sets were gen-
erated where the change point for the outbreak was at day 5. Similarly, 100 data sets each were generated
for the other change points such as days 10 and 15. Then, for each change point, the CEDs of the 100
simulated data sets were averaged for each of the three models, respectively. In order to avoid issues in es-
timating the CED for change points near the upper end of the original simulation time period (1, 2,…, 100),
the time period under consideration was extended up to 150 so that a change could be detected for all data
sets.

Figure 5 shows the CED plots for the BH procedure (blue), the BY procedure (red), and the ST
procedure (orange) for regions 1, 2, 7, and 13. Recall that the increase in the out-of-control process
mean for each region is different, with region 1 having the smallest increase and region 13 having
the largest.

The top left plot in Figure 5 shows the average CED against change point time for region 1 for all three
models. Clearly, for all four regions, the ST procedure has the lowest CED, followed by the BY and BH
procedures, respectively, across all change points. In general, as evident by the four plots in Figure 5, the
procedures using the pooled regional neighborhood counts (models using BY and ST procedures) signal
much faster than the model that only uses observed regional counts (model using the BH procedure); within
the pooled models, the ST procedure detects outbreaks faster than the BY procedure.

We now compare the performance of the procedures using PA. Figure 6 shows the PA against change
points for all three procedures in regions 1, 2, 7, and 13. Again, the same choice of change points (5, 10,
15, …, 95) were considered. For each change point, the PAs for 100 simulations were averaged for all
three methods. As expected, in all four regions, the ST procedure has the highest PA followed by the BY
Copyright © 2016 John Wiley & Sons, Ltd. Statist. Med. 2016, 35 2593–2608



Figure 5. Average CED versus change point time for BH, BY, and ST models for regions 1, 2, 7, and 13.

Figure 6. Average probability of an alarm versus change point time for BH, BY, and ST models for regions 1, 2,
7, and 13.
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procedure and then the BH procedure. However, for larger increases in the mean, the vertical distance
between the three lines tends to diminish, indicating that the gains in power tend to be smaller for larger
step increases in the mean. Because FDR is controlled at a 0.05 level, the higher the total number of
alarms, the higher the number of true alarms. So when FDR is controlled, we want to sound the alarm
more frequently. As expected, the ST procedure (orange) sounds the most alarms followed by the BY
procedure (red) and finally the BH procedure (blue). The downward trends in the plots are due to the
following reason: When the outbreak occurs earlier during the 100-day period, the duration of the out-
break is longer, allowing more chances to detect the out-of-control process.
4. Application to Salmonella data

The proposed method was applied to a data set of Salmonella Newport cases reported weekly from 16
German federal states between year 2004 and year 2014. The data were obtained from the Robert Koch
Institute in Germany [23]. Because Salmonella is not a contagious disease, without trend or seasonality,
the counts were assumed to be independent. The 16 German federal states are displayed in Figure 7.

The first 2 years of data (2004–2005) were used to estimate the in-control distribution in each state
because there were no unusually high disease counts reported from any of the states during this period.
A Poisson dispersion test [24] was used to ensure that the Poisson counts were not overdispersed. No
overdispersion was detected in the first 2 years of data at a type I error rate of 0.01. Also, it is reasonable
to assume that the data are spatially independent over the first 2 years, which we use as the in-control
time period.

The proposed surveillance model was applied to data from 2006 to 2013. Because states with larger
populations are likely to have larger disease counts, the method proposed by Raubertas [7] detailed in
Section 2.2 was adopted to address this issue. For the pooled model, disease counts from each state were
pooled together with those of the immediate neighbors, using a binary connectivity matrix similar to the
one used in the simulation experiment. For the pooled counts, the CUSUM statistic was computed, the
p-values for each region were estimated, and an alarm was signaled using an FDR-controlling procedure.
Figure 7. Map of the 16 federal states of Germany.
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P-values were estimated using the bootstrap method because the in-control distribution was unknown.
The BH procedure was used to handle the multiple testing problem for the independent counts model
while the ST procedure was used for the pooled model; for both models, the overall FDR was set to
0.05 to minimize false alarms.

A plot of the results for both the independent counts and pooled counts models are shown in
Figures 8 and 9 for the states Bavaria and Saxony-Anhalt, respectively.

The data set contained counts for 528weeks starting from the first week of January in 2004 to the sec-
ond week of February in 2014. The time axis shows the number of weeks, starting from the first week of
January 2004 (week 1). Because the Salmonella Newport outbreak actually occurred in 2011 [25], the
results are plotted from the last week of September 2009 (week 300) to the second week of February
2014 (week 528). The results indicate that the pooled model using the ST procedure was successful
in detecting the Salmonella outbreak in the first week of November 2011 (week 410), and this was con-
sistent for all 15 states (The pooled model using the BY procedure also gave alarms on week 410 in all
15 states as well, as the rise in disease counts was fairly large.) In contrast, the model using independent
state counts was rather inconsistent in signaling an alarm around the period of the outbreak: The model
did not detect an outbreak in Bremen, which has the smallest population; in Bavaria, the outbreak was
detected 53weeks later; in Rhineland-Palatinate and Saxony-Anhalt, it was detected 2weeks later; in
Baden-Württemberg and Schleswig-Holstein, it was detected a week later.

These results using the proposed method employing FDR techniques can be compared with the per-
formance of traditional multiple Poisson CUSUM methods using FWER-based multiple testing proce-
dures. The traditional method using 15 univariate Poisson CUSUM charts with a Bonferroni
correction produced rather inconsistent results in signaling the alarm: In Bremen and Saxony, no change
was detected; in Bavaria, the outbreak was detected 53weeks later; in Baden-Württemberg, it was de-
tected 4weeks later; in Rhineland-Palatinate, Schleswig-Holstein, and Thuringia, the outbreak was de-
tected 2weeks later; in Mecklenburg-Vorpommern, it was detected a week later.
Figure 8. Pooled disease counts (a), CUSUM statistics (b), and alarm plots (c) for Bavaria. The blue line in (a),
(b), and (c) represents the independent-count model, and the red line represents the pooled-count model for

Bavaria.
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Figure 9. Pooled disease counts (a), CUSUM statistics (b), and alarm plots (c) for Saxony-Anhalt. The blue line
in (a), (b), and (c) represents the independent-count model, and the red line represents the pooled-count model for

Saxony-Anhalt.
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The alarm plot on Figure 8(c) shows the results for Bavaria: Using the pooled model with the ST pro-
cedure, the outbreak is detected in week 410, consistent with the results of the other states, but there is a
much longer delay (53weeks) in detection using the independent counts model. Because the increase in
disease counts is relatively large in week 410, both ST and BY procedures detect the outbreak in week
410. However, note that there is another relatively smaller increase in counts after week 450. This
smaller shift is detected first by the more powerful ST procedure in week 452, followed by the BY pro-
cedure in week 456 and then the BH procedure in week 459. Although the ST and BY procedures are
comparable in terms of detection speed when it comes to detecting large increases, the ST procedure
is quicker in detecting relatively smaller changes, consistent with the simulation results.

Figure 9(c) shows the results for Saxony-Anhalt: Using the pooled model with the ST procedure, the
outbreak is again detected in week 410, but there is a 2-week delay in detection using the independent
model. The pooled model sounds a steady alarm after week 410 for a longer period; however, the inde-
pendent model sounds an alarm irregularly for a relatively shorter period. In summary, the pooled model
using the ST procedure was successful in detecting the outbreak simultaneously throughout the country
as opposed to the independent model, which signaled alarms inconsistently and following considerable
delays.

5. Discussion

In the proposed new procedure, regional disease counts from multiple regions are aggregated to
compute an alarm statistic using the popular Poisson CUSUM method. Two novel aspects of the
proposed method are particularly advantageous in a disease surveillance setting. First, the use of
p-values (instead of the commonly used critical values) enables us to evaluate the strength of the
out-of-control signal. Second, the use of FDR for error control instead of the standard FWER or
ARL0 allows the use of powerful tools to handle the multiple comparison problem. The ST [14]
Copyright © 2016 John Wiley & Sons, Ltd. Statist. Med. 2016, 35 2593–2608
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procedure was the most powerful procedure in our tests, in comparison with the more conservative
BH [10] and BY [11] procedures. The simplicity of the algorithm and the improved speed of de-
tection make the proposed method useful in a practical disease surveillance setting, as illustrated by
the Salmonella Newport example in Germany.

We emphasize that the proposed procedure controls the FDR at each time step. If one wanted to con-
trol FDR over all time steps simultaneously, the BY and ST procedures would still apply, although the
procedure would no longer be prospective. As evident from simulation results, pooling regional neigh-
borhood counts can increase the speed of detection in comparison with individual regional counts, when
the shift, the deviation from the mean, occurs in several units that make up the regional neighborhood
(this was previously emphasized by Raubertas [7]). However, pooling may result in a delay in detection
if the shift occurs in only one or two regions that make up a neighborhood because the effect of the shift
will be diluted. Additionally, pooling may result in an increase in false alarms in regions sharing a com-
mon boundary. Another issue related to the utilization of the CUSUM statistic is in identifying the time
at which the outbreak ends. The CUSUM statistic may not decrease quickly after an outbreak has ended,
leading to incorrect decisions when the outbreak is over. This issue is addressed by Gandy and Lau [26].

The proposed methodology is applicable for the detection of foodborne outbreaks, a class of outbreaks
with no trend or seasonality. A future research direction is to extend the method to a broader class of set-
tings, encompassing outbreaks with trend and seasonality. Additionally, we have assumed spatial and tem-
poral independence of the observed counts (although the pooled CUSUM statistics are correlated). It is
certainly possible that the counts are dependent, even after adjusting for a nonstationary mean structure.
This has been addressed by Rogerson and Yamada [8] among others.We are actively working on extending
the proposed methodology to the setting where counts are dependent in time and/or space.
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