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Abstract. This paper presents a novel risk-based method for Auto-
mated External Defibrillator (AED) placement. In sudden cardiac events,
availability of a nearby AED is crucial for the surviving of cardiac arrest
patients. The common method uses historical Out-of-Hospital Cardiac
Arrest (OHCA) data for AED placement optimization. But historical
data often do not cover the entire area of investigation. The goal of this
work is to develop an approach to improve the method based on his-
torical data for AED placement. To this end, we have developed a risk-
based method which generates artificial OHCAs based on a risk model.
We compare our risk-based method with the one based on historical
data using real Singapore OHCA occurrences from Pan-Asian Resusci-
tation Outcome Study (PAROS). Results show that to deploy a large
number of AEDs the risk-based method outperforms the method purely
using historical data on the testing dataset. This paper describes our
risk-based AED placement method, discusses experimental results, and
outlines future work.
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1 Introduction

Cardiovascular disease accounts for near 18 million deaths a year worldwide,
nearly 30% of all deaths [1]. Around 50% of these deaths are caused by sudden
cardiac events and without intervention only 1% of people survive such an event.
Automated External Defibrillators (AEDs) are one of the keyways to reduce
mortality rates due to cardiac arrest. To impact survival rate, the time between
the arrest and application of the AED is crucial. For this reason, governments
worldwide have initiated AED deployment strategies in an effort to reduce deaths
caused by sudden cardiac events. However, the current strategies are often driven
by best practice, heuristics and guidelines (see [2]).
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More recently there have been efforts to attempt more analytical approaches,
where historical data and projected cardiac events are used to optimize the
deployment of AEDs. In these optimization approaches there are a number of
key questions or challenges that need to be addressed: firstly, how to make the
projection of future cardiac events; secondly, how to determine the suitability
of the placement (i.e., the likelihood of an AED successfully preventing death);
and finally a method or technique to optimize the deployment.

In this paper we propose a novel risk-based method and compare it with
the existing method that uses purely historical data. Our method is based on
an artificial cardiac arrest model that uses demography data and cardiac arrest
odd ratio for different race groups. We study the case of Singapore, a small but
densely populated country that has a highly varied demography and an ageing
population [3]. In Singapore cardiac arrests are one of the most common causes
of death, causing over 2,000 deaths annually [4]. In 2015, the Out-of-Hospital
Cardiac Arrest (OHCA) survival rate in Singapore was 23.4% [4]; whereas in
other countries (e.g., the Netherlands) this can be as high as 40% [5]. Through
our novel optimization approach, we aim to improve survivability for the current
population, but also to identify an AED deployment that can deal with future
demographic changes for the country.

For our analysis we used data that capture all OHCAs in Singapore from 2010
to 2016, which contains a total of 11,861 occurrences. For the method based on
historical data, we optimized the deployment using different amount of data.
For all the approaches, we tested how the deployment would have performed for
the OHCAs taking place in 2016. We say that the AED deployment successfully
“covers” an OHCA if there is at least one AED within 100 m – a standard rule
used by many other researchers (e.g., [6]). The results demonstrate that the risk-
based approach provides better coverage than the method just using historical
data especially when a large number of AEDs need to be deployed. Moreover,
the artificial population approach can be used to generate arbitrary number
of future cardiac arrests. This allows for scenario planning where population
wide exogenous effects may increase OHCA rates (e.g., national trends in diet,
national trends in exercise, etc.).

The remainder of this paper is organized as follows. Section 2 describes the
existing service point optimization methods. Datasets used in the paper are
presented in Sect. 3. The research methodology and the proposed risk-based
method are briefly described in Sect. 4. Section 5 discusses optimization results.
Finally, Sect. 6 concludes the paper with directions of future work.

2 Related Works

The area of AED placement optimization is already an active field of research,
and it fits within a broader research area of service point optimization. In the
following two subsections we provide an overview of the existing work in service
point optimization as well as a comprehensive overview of the existing approaches
for AED placement optimization.
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2.1 Service Point Relocation Methods

Optimization of service points is used in medicine [7–9], finance [10,11], as well
as in the placement of commercial service points [12]. For spatial optimization,
greedy algorithms [13], tabu-search [14], binary optimization [15], and genetic
algorithms [16–18] are used. In [19], optimization of adding service points to an
existing service network was proposed. However, access to a service point is often
not round-the-clock and depends on time, therefore it is necessary to consider
not only the spatial but also the temporal nature of service requests [20].

Often the nature of service requests depends on external data (for example,
demographic data when optimizing commercial service points, or data on pedes-
trian and transport activity when optimizing the location of emergency medical
facilities). Therefore, in this work, in addition to a method based on historical
data (service requests), a method based on the demography data to determine
OHCA subzone risk is proposed.

The complexity of the optimization problem may also depend on the char-
acteristics of a particular locality and with it the features of the distribution
of service requests [21]. Therefore, even the use of the existing methods is of
interest for AED placement in Singapore.

2.2 AED Relocation Works

Chan et al. proposed a method based on historical data as well as a demography-
based approach for AED placement in [19]. They used data of OHCA in Toronto.
The dataset was divided into training and testing datasets. The training dataset
was used to generate the input for the linear programming optimization and the
testing dataset was used for evaluating optimization results. For the demography-
based approach, people’s daily activities were also considered during the opti-
mization.

Dahan et al. proposed a method based on the historical OHCA data in [22].
They studied spatiotemporal optimization, which considers not only spatial, but
also temporal availability of AEDs. Tsai et al. compared spatiotemporal app-
roach and temporal only approach in terms of OHCA coverage in [23]. Sun et al.
also studied spatiotemporal AED placement optimization with historical OHCA
data in [20]. A cost-based optimization method for AED placement was proposed
in [24], where cost effectiveness of the demography-based and the historical-data
based method was compared. Instead of using the standard 100 m rule to deter-
mine the OHCA coverage, walking time was used in the fitness function for
OHCA coverage estimation in [25].

The main disadvantage of the historical-data based method is the limited
area covered by the dataset; whereas the demography-based method mentioned
above does not consider cardiac arrest risk for different race groups in the pop-
ulation. Existing studies show that ethnicity is an important factor that affects
OHCA risk. For example Malay race group have higher OHCA risk comparing
to Chinese [26]. In this paper, we propose a risk-based method which considers
race groups in estimating cardiac arrest risk and generates artificial OHCAs as
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the training dataset. A modified version of the optimization algorithm proposed
in [19] is used in our work.

3 Data

Three datasets are used in this paper. The first dataset contains historical
OHCAs, the second one describes the spatial demography of Singapore, and
the third one provides the current (as of 6 May 2019) AED locations within
Singapore. The historical OHCA dataset was obtained from Pan-Asian Resus-
citation Outcome Study (PAROS). It covers all OHCA cases in Singapore from
April 2010 to September 2016. This includes a total of 11,861 cases. Along with
the location (given as location postcode) and the time at which symptom first
occurred, associated with each OHCA there is basic demographic information
about the patient such as age, ethnicity, and gender. Table 1 shows some details
about this dataset, including cases per year as well as the division of cases among
different race groups.

Table 1. OHCA dataset

Year 2010 2011 2012 2013 2014 2015 2016

Chinese 742 893 984 1225 1349 1587 1253

Malay 165 201 222 265 362 363 280

Indian 99 185 146 161 209 277 200

Others 75 98 88 85 117 145 85

All 1081 1377 1440 1736 2037 2372 1818

Table 2. Similarity between testing and training datasets

2010–2015 2011–2015 2012–2015 2013–2015 2014–2015 2015

48.86% 45.89% 40.58% 35.1% 28.14% 18.32%

For the results reported in Sect. 5, to test the effectiveness of the method
based on historical data we group historical data into six training datasets:
OHCA occurrences in 2015–2015, 2014–2015, 2013–2015, 2012–2015, 2011–2015,
and 2010–2015. These training datasets are used respectively by the optimiza-
tion algorithm to obtain AED placements. To test optimization results, OHCA
occurrences in 2016 are used. Table 2 shows similarity between the testing and
training datasets based on postcodes. Note that similar to [20], OHCAs occur-
ring in the healthcare facilities (e.g., nursing home) are excluded in both training
and testing datasets.
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Table 3. Demography of town center subzone in Ang Mo Kio (2015)

Chinese Malay Indian Others

4260 210 360 190

In order to generate potential future OHCA cases (and to make forecast),
we use publicly available spatial demographic dataset from Singapore Data Mall
(see link [27] for race-gender and [28] for age-gender data). This dataset divides
Singapore into a total of 323 subzones [29] (see Fig. 1). Within each subzone
the dataset provides statistics on the number of people and distributions of age,
race, and gender. Table 3 illustrates an example of demography of town center
subzone in Ang Mo Kio (a township in Singapore) in 2015.

Fig. 1. A Map of Singapore divided into sub regions (each region shows the number of
AEDs placed in that region per individual)

The third dataset includes the locations (longitude-latitude) of current 9,200
AEDs in Singapore (as of May 2019). Figure 1 shows the subzone boundaries as
well as the AED density (AED per person) heatmap according to the dataset. It
shows that the AED density varies across the entire Singapore island. However,
the figure does not indicate the land use of each of the areas. For example, the
large areas to the south-west (Jurong Island and Tuas) and to the east (Changi
Airport) are non-residential areas. Within some other subzones there are also
areas with very few residents.

There are a number of important caveats that we must mention regarding
assumptions and inaccuracies about the data we use. Firstly, Singapore currently
provides a number of mobile AEDs via the SMRT taxi company [30], the AEDs
are placed within 1000 vehicles in the fleet. This accounts for an extra 12% of
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AEDs that are currently available and are not captured in our dataset. However,
these AEDs were placed at the end of 2015 so their impact on the results should
be minimal. Secondly, during our optimization procedure we assume that all
building locations on the map are potential AED sites and that these sites are
available for 24 h. In reality, some locations may be inaccessible to the public, or
only accessible during office hours. Building data were obtained via Open Street
Map [31] and this dataset includes 141,821 locations of buildings in Singapore.

4 Research Methodology

In this paper we develop a risk-based method for AED placement, and to analyze
its effectiveness we compare the result we obtain with alternative AED placement
strategies. These include the current real-world AED placement and a traditional
approach that simply uses historical occurrences of cardiac arrests to optimize
the placement of AEDs. In this section we describe historical-data based and
risk-based methods in detail, along with the underlying optimization technique
and the evaluation criterion which assesses the effectiveness of a particular AED
placement solution.

Fig. 2. Overview of research methodology

Figure 2 shows an overview of the research methodology. Initially the dataset
regarding potential AED locations is created. Potential locations (buildings) are
identified using Open Street Map. This means that the AED optimization is
considered at the resolution of a building, and the exact placement of the AED
within the building is not explicitly modelled. All methods use the same set of
potential locations. The training dataset used by the optimization algorithm dif-
fers in the case of the historical-data based approach and the risk-based method.
In the historical-data based approach, as explained in Sect. 3 we group OHCA
occurrences in 2010–2015 into six training datasets; whereas in the risk-based
method artificial OHCAs are generated based on the demographics of the pop-
ulation in 2015.

The potential location data and the training data are then combined by cre-
ating a weighted adjacency matrix, where the weights of the edges are calculated
as the straight-line distances from each potential AED location to each OHCA
location in the training data. This matrix is used as the input data in the linear
programming optimization algorithm (described below and based on [19]).
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Finally, an AED placement generated is evaluated by testing how many of
the 2016 OHCA cases would be covered by the placement.

4.1 Optimization Approach and Evaluation Criterion

The input to the optimization algorithm takes the form of an adjacency matrix
as described above. In this paper we use a modified version of the linear pro-
gramming algorithm in [19] for finding optimal location of AEDs. This is a
binary optimization problem (also known as the Maximal Covering Location
Problem [15]), defined as follows:

maximize
J∑

j=1

xj ; subject to
I∑

i=1

yi = N and xj ≤
I∑

i=1

aijyi,∀j = 1, ..., J (1)

where xj is a binary parameter indicating whether cardiac arrest j is covered
or not; yi is a binary decision variable indicating whether an AED is placed in
location i or not; and aij is binary parameter indicating whether cardiac arrest
j is coverable by location i (i.e., within 100 m). N is the number of locations in
which AEDs are placed. I is the number of potential locations where AEDs can
be placed. J is the number of cardiac arrests in the training dataset.

Each of the methods will produce a placement of AEDs, that is a mapping
of N AEDs to potential locations. From this placement an assessment is made
to see what fraction of OHCAs recorded in 2016 would have been covered. As
mentioned above, in this paper we use a simple measure of coverage, that is,
an OHCA is considered covered by the placement if it is within 100 m from the
nearest AED. This does not include the time it takes for an individual to locate
the AED, or any vertical distance that must be covered.

4.2 Historical-Data Based Method

The historical-data based method tries to optimize the AED placement under
the assumption that previous OHCA occurrences are a good predictor for future
OHCA cases. We have data from a six-year period 2010–2016. In this approach,
we use different combinations of historical data as a predictor for future OHCAs.
In particular, we use 2016 as our testing dataset and see if the data from 2015–
2015, 2014–2015, 2013–2015, 2012–2015, 2011–2015, and 2010–2015 are good
predictors for the OHCAs in 2016. The effectiveness of this approach is deter-
mined by the demographic stability in Singapore. If the occurrence of OHCAs
are clustered and stable over a period of years then this approach should be
effective on some time scale.

4.3 Risk-Based Method

The risk-based method tries to capture various factors that might predict future
OHCA cases, including population density and distribution of population in
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terms of ethnicity. Using the current population data, we can identify high risk
subzones of the Singapore island. From this a set of potential or artificial OHCAs
can be generated, which will be used as the training dataset to optimize the
placement of AEDs.

Singapore is a multi-cultural city with most of the country’s inhabitants
coming from four major ethnic groups: Chinese (74.3%), Malay (13.4%), Indians
(9%) and others (3.2%), this distribution has remained remarkably stable since
Singapore’s independence (more than 50 years) [32]. As in other countries [33]
the risk of heart disease and cardiac arrest does vary by race. Using the OHCA
data we can derive an associated risk of OHCA for a specific race group, rrace,
as follows:

rrace =

∑2015
year=2010 n

year
race∑2015

year=2010 p
year
race

×
∑2015

year=2010 p
year
Chinese∑2015

year=2010 n
year
Chinese

(2)

where race ∈ {Chinese,Malay, Indian,Others}; nyear
race is the number

OHCA cases for a specific race in a specific year; pyearrace is the number of people
in Singapore for a specific race in a specific year. Note that race group risk is
estimated using historical OHCA occurrences in 2010–2015 and that the value is
normalized with the OHCA risk of the Chinese race group. The calculated risk
values for various race groups are shown in Table 4.

Table 4. Risks for different races

Chinese Malay Indian Others

1.000 1.181 1.635 4.833

Given an associated risk for each race group, we then calculate an associated
risk for each subzone of Singapore. To do this we use the data about the total
population size and race distributions in each of Singapore’s subzones in 2015
(see Sect. 3 for detail). Subzone OHCA risk, Rs, is calculated as follows:

Rs =

∑
i∈{Chinese,Indian,Malay,Others} ri × demi,s

dems
(3)

where ri is the OHCA risk for race group i; demi,s is the number of people in
race group i who live in subzone s in 2015; and dems is the total number of
people living in subzone s in 2015.

Based on subzone OHCA risks, a zonal risk map can be generated. As shown in
Fig. 3, we use a simple algorithm to generate a set of potential/artificial OHCAs.
To generate a location for a potential OHCA, a subzone is first chosen based on sub-
zone OHCA risks. The higher the subzone OHCA risk is, the more often a subzone
will be chosen. After that a random location (building) will be selected within the
subzone for the location of OHCA. This procedure terminates when the required
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Fig. 3. Artificial OHCA generation

number of artificial OHCAs are generated. These artificial OHCAs then serve as
training dataset to the optimization algorithm (see Fig. 2). With this method we
can in principle generate any number of OHCAs. The number of artificial OHCAs
is currently set as a parameter in our experiments.

5 AED Optimization Result

In this section we demonstrate the results of different optimization methods pre-
sented in Sect. 4 and compare their performance against the current deployment
of AEDs. Recall that in all scenarios the performance of the deployment is based
on the fraction of OHCAs occurring in 2016 (a total of 1,818 cases) that would
be covered by at least one AED (that is, there is at least one AED existing
within 100 m).

5.1 Historical-Data Based Method

Fig. 4. Results of historical-data based method for different training datasets

Figure 4 shows the result of historical-data based method using 6 different train-
ing datasets (from 1-year data 2015–2015 to 6-year dataset 2010–2015). It clearly
shows the performance depends on the training dataset. Table 1 presents the



586 I. Derevitskii et al.

number of OHCAs for each year, which gives a clear indication of the size of
each training dataset. Due to the increase of similarity between training and
testing datasets (see Table 2), for a given number of AEDs to be deployed, there
is an increasing improvement on the OHCA coverage when more data are added
into the training dataset. However, the improvement diminishes as more histori-
cal data are added to the training dataset since the increase of similarity becomes
smaller (see Table 2). In principle however, more data do not necessarily imply
better performance. This depends on the dynamics of the population and how
uniform the aging process is across the country. Due to the housing policy it is
likely that the most at risk subzones may move as the population of particular
housing developments age.

All scenarios shown in Fig. 4 have similar performance when a small number
of AEDs are deployed because the optimization algorithm tends to put AEDs
first in the areas that have frequent OHCA occurrences over the years. When
a large number of AEDs are deployed, the larger datasets obviously work bet-
ter because they cover larger area and have higher similarity with the training
dataset (as showed in Table 2). Note that all the curves become flat after the
number of AEDs increases to a certain level. This is because even the largest
6-year training dataset does not cover all areas in Singapore and its similarity
with the testing dataset is only 48.86%. The figure also shows that as the amount
of training data increases, the limit of maximal coverage will also increase (from
43% for the 1-year data to 74% for 6-year data).

5.2 Risk-Based Method

Fig. 5. Results of risk-based method for different training dataset

Figure 5 shows the results of the risk-based method. Recall that the risk-based
method uses artificial OHCAs generated from subzone risks as training dataset
for the optimization algorithm (see Sect. 4). In our experiments, the number of
generated artificial OHCAs in the training dataset varies from 5,000, 10,000, to
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100,000. Obviously, for a given number AEDs to be deployed, better coverage
is achieved with larger training dataset. Interestingly, we see a saturation effect
similar to the historical-data based method for the training dataset with 5,000
and 10,000 artificial OHCAs. The advantage of using the risk-based method
is that we can generate the training dataset with arbitrarily large number of
artificial OHCAs. Note that the largest training dataset used in the historical-
data based method (i.e., the 6-year dataset) contains only 10,043 OHCA cases.

Fig. 6. Comparison between historical-data based and risk-based methods

Figure 6 compares the best results obtained using the historical-data based
and risk-based methods. When the number of AEDs to be deployed is small,
historical-data based method performs better than the risk-based method. How-
ever, when a large number of AEDs needs to be deployed, the risk-based method
would be a better choice. In order words, the training dataset used in the risk-
based method is able to provide more meaningful information to guide the
deployment of large number of AEDs. The performance crossover happens at
around 6,500 AEDs. For a reference, there are currently 9,203 AEDs deployed
in Singapore (as of 6 May 2019).

6 Conclusion

We studied the problem of optimizing AED placement in Singapore. Both the
historical-data based and the risk-based methods were used in our investigation.
OHCA occurrences from 2010 to 2015 in Singapore were used as the training
datasets in the historical-data based method. In the risk-based method, histor-
ical OHCAs and demography data were used to derive subzone OHCA risks in
Singapore, which in turn were used to generate potential or artificial OHCAs
in the training dataset. The performance of both methods was evaluated using
OHCA occurrences in 2016.

The results demonstrate a number of interesting findings. Firstly, irrespective
of the training datasets used in the historical-data based method, the first 2,000
AEDs placed have an equally effective coverage of OHCAs. Secondly, for all the
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training dataset used in the historical-data based method, the OHCA coverage
does not increase further after the number of AEDs reaches a certain level.
Finally, for a small number of AEDs, the historical-data based method gives
a better OHCA coverage than the risk-based method. However, when a large
number of AEDs needs to be deployed, the risk-based method would be a better
choice.

As for our future work, to combine the two methods, the risk model can be
used to generate artificial OHCAs to complement historical data. Most of the
existing work determines OHCA coverage either in terms of distance or time, to
better define OHCA coverage we will be developing a probabilistic model using
historical OHCA data and AED location data. Countries around the world are
dealing with ageing populations. The dynamics of this ageing can introduce very
unique risks, which may be geographically correlated. We are also planning to
investigate how these changing risk maps for cardiac arrests may impact the
placement of AEDs.
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