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Abstract: Public Access Defibrillation (PAD) is the leading strategy in reducing time to first
defibrillation in cases of Out-Of-Hospital Cardiac Arrest (OHCA), but PAD programs are
underperforming considering their potentiality. Our aim was to develop an analysis and optimization
framework, exploiting georeferenced information processed with Geographic Information Systems
(GISs), specifically targeting residential OHCAs. The framework, based on an historical database of
OHCAs, location of Automated External Defibrillators (AEDs), topographic and demographic
information, proposes new strategies for AED deployment focusing on residential OHCAs,
where performance assessment was evaluated using AEDs “catchment area” (area that can be
reached within 6 min walk along streets). The proposed framework was applied to the city of Milan,
Lombardy (Italy), considering the OHCA database of four years (2015–2018), including 8152 OHCA,
of which 7179 (88.06%) occurred in residential locations. The proposed strategy for AEDs deployment
resulted more effective compared to the existing distribution, with a significant improvement (from
41.77% to 73.33%) in OHCAs’ spatial coverage. Further improvements were simulated with different
cost scenarios, resulting in more cost-efficient solutions. Results suggest that PAD programs, either in
brand-new territories or in further improvements, could significantly benefit from a comprehensive
planning, based on mathematical models for risk mapping and on geographical tools.

Keywords: automated external defibrillator; public access defibrillation; out-of-hospital cardiac
arrest; resuscitation; geographic information system; risk mapping

1. Introduction

The American Heart Association (AHA) defines Out–Of–Hospital Cardiac Arrest (OHCA) as
the cessation of mechanical cardiac activity outside of a medical care setting [1]. Survival is strongly
correlated with the time between OHCA occurrence and first defibrillation [2–5], with 6 min considered
as the time limit for an effective intervention [6], as the survival probability declines by 7–12% for
every minute of delay in the treatment [7–9]. To address the need for a fast emergency response,
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the leading strategy is constituted by Public Access Defibrillation (PAD), based on the placement of
publicly accessible Automated External Defibrillators (AEDs, fully automatic devices composed by
two electrodes to be placed on the patient, and a main body, which records the ECG signal and delivers
electric shock if potentially necessary to restore the physiological rhythm) over the cities’ territory [10],
on the training of lay rescuers on how to perform Cardio-Pulmonary Resuscitation (CPR) and how to
use AED, and on campaigns for awareness raising.

PAD programs are nowadays diffused worldwide [11,12], but it is recognized that they are
underperforming, considering their potential [13–16]. In an attempt of improvement, recent research is
focusing on the development of analysis and optimization frameworks [9,17–20], but, whereas current
guidelines focus on public places with a significant flow of people during daytime, multiple statistical
analyses revealed that 60%–80% of OHCAs usually occur in residential locations [18,21–25]. For example,
in Sondergaard et al. [25], in a study aimed at assessing the impact of location of OHCA on rescue
intervention timing and clinical outcome, it was shown that, from a database of 25,505 OHCA
records that occurred in Denmark between 2001 and 2014, 26.4% of them occurred in public places,
whereas 73.6% were in residential locations. Moreover, different studies [22,26,27] found out that
residential OHCA is characterized by higher mortality when compared with OHCA in public places.
This included the study by Folke et al. [22], in which, with the aim of identifying residential areas
suitable for AED installation, from a database of 4828 OHCA records that occurred in Copenhagen
from 1994 to 2005, it resulted that OHCA survival rates were 13.9% and 3.2% for public and residential
locations, respectively. Although the likelihood of use of a publicly accessible AED is significantly
lower in residential events when compared to public ones [28], recent studies highlighted, as a
priority, the development of new strategies to reduce the mortality in residential areas by early
defibrillation [22,25,29–31].

The frameworks proposed in previous studies for optimization of AED deployment are usually
characterized by three main processes:

1. Efficiency analysis of the current distribution of AEDs, based on the area where AEDs can be
used within the scientifically assessed time limit for an effective and beneficial use, hence there is
no standard in how to convert this time limit into a spatial measure.

2. Mapping of OHCA occurrence risk by development of a geographic risk function using different
approaches: purely statistical (simulation of events based on retrospective data or application of
distribution models, such as Poisson regression or Kernel density analysis) or more sophisticated
ones (modelling of explicative factors, relevant to demography, socio-economic conditions, and
land-use). Given the intrinsic randomness of the phenomenon, both predictive performance and
generalization of the proposed methods are uncertain.

3. Identification of new AED spatial distributions, based on the optimization of a target function,
and assessment of the related performance by a validation procedure. Whereas the proposed
mathematical optimizations of target functions are detailed and successful, their conversion into
PAD performance improvement is hard to validate.

Recent research has identified Geographic Information Systems (GISs, a set of tools for capturing,
storing, checking, manipulating, analyzing and displaying spatially georeferenced data [32]) as a key
tool addressing the problem of optimizing PAD [33–35]. For example, in Ringh et al. [35], a study aimed
at discussing existing evidence of Public Access Defibrillation and knowledge gaps and future directions
to improve outcomes for OHCA, the use of GIS in planning deployment of AED is listed among the
eight key actions to improve PAD results. We hypothesized that a GIS-based deployment strategy could
be more successful in targeting residential OHCAs, as encouraged by multiple studies [22,25,29–31],
including Rea T. [30], who encourages a “paradigm” shift for PAD towards an “all-access defibrillation”
beyond the conventional public setting use, and cites the use of “advanced mapping techniques” as a
potential source of improvement.
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Accordingly, our aim was to develop an analysis and optimization framework exploiting
georeferenced information from a historical database of OHCAs, known AED locations, and topographic
and demographic information, to define a geographic risk function and propose new strategies for
AED deployment specifically targeting residential OHCAs. This framework was applied and validated
on the city of Milan, Lombardy (Italy), counting 1,372,810 residents (as of 31 July 2017) over a surface
of 181.67 km2.

2. Materials and Methods

2.1. Data Sources and Pre-Processing

Four different data sources were utilized:

1. Georeferenced database of OHCAs (collected and made available for this research by AREU,
Azienda Regionale Emergenza/Urgenza, responsible for the 112 emergency number service
and Emergency Medical Services (EMS) provider for Lombardy region): it includes records of
all OHCAs that occurred in Lombardy from 2015 to 2018 for a total of 45,043 records. In this
timeframe, 8152 OHCAs occurred in the city of Milan, of which 7179 (88.06%) in residential
locations. The anonymized database contains, as fields, the geolocation of each event, its date
and time, time-to-intervention, information related to CPR and AED use, and more.

2. Georeferenced database of AED (from AREU): it includes geo-reference (geographic coordinates),
location (description of the AED’s installation place), and accessibility of known publicly accessible
AEDs in Lombardy as of 31 December 2018 (10,023 devices, 1001 in the city of Milan).

3. Milan City Topographic Database (open data at https://geoportale.comune.milano.it/sit/):
Geographic information about residential buildings, roads, subdivision of the city into 88 districts
(Local Identity Nuclei, LINs: an administrative subdivision of the city based on traditional areas
of the city and history of urban development).

4. Demography (open data at http://dati.comune.milano.it/): demographic and socioeconomic
information about the resident population specifically for each LIN (gender, age, and nationality).

All georeferenced information was converted to the World Geodetic System 84 (WGS 84)–UTM
(Universal Transverse Mercator) 32 North coordinates system and imported into an open source and
free-to-use under the GNU GPL license GIS software (QGIS, http://www.qgis.org), to be visualized
as separate layers in the same map. Figure 1 shows an example of this visualization, with the
georeferenced records in the OHCA database filtered for the city of Milan.
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Figure 1. Distribution of georeferenced Out-Of-Hospital Cardiac Arrests (OHCAs), over the territory
of the city of Milan from 2015 to 2018, that occurred at residential location (left panel) and outside of
residential locations (right panel).

https://geoportale.comune.milano.it/sit/
http://dati.comune.milano.it/
http://www.qgis.org


ISPRS Int. J. Geo-Inf. 2020, 9, 491 4 of 19

Routing issues were managed through pgRouting (https://pgrouting.org/) and PostGIS, open
source SQL libraries run on PostgreSQL (http://www.postgresql.org), available on OSGeo, an operative
system developed by the Open Source Geospatial Foundation (https://www.osgeo.org/). Processing
of metadata and the optimization algorithm were implemented using the programming platform
MATLAB (https://www.mathworks.com/products/matlab.html).

Figure 2 reports the schematic of the proposed framework (data sources highlighted in the gray
box). The first step (right side) is represented by the evaluation of the current distribution of AEDs,
based on the computation of the catchment areas of currently placed devices (area where they can be
effectively used within the time limit, see next paragraph for implementation details), and a model for
estimation of the distribution of the resident population. This output is exploited (left side) by the
development of a geographic risk function to estimate the risk of residential OHCA occurrence along
the territory, and by the final optimization defining a new geographical distribution for AEDs, that is
subsequently evaluated with the same approach applied to the current deployment.

ISPRS Int. J. Geo-Inf. 2020, 9, x FOR PEER REVIEW 4 of 19 

 

 
Figure 1. Distribution of georeferenced Out-Of-Hospital Cardiac Arrests (OHCAs), over the territory 
of the city of Milan from 2015 to 2018, that occurred at residential location (left panel) and outside of 
residential locations (right panel). 

Routing issues were managed through pgRouting (https://pgrouting.org/) and PostGIS, open 
source SQL libraries run on PostgreSQL (http://www.postgresql.org), available on OSGeo, an 
operative system developed by the Open Source Geospatial Foundation (https://www.osgeo.org/). 
Processing of metadata and the optimization algorithm were implemented using the programming 
platform MATLAB (https://www.mathworks.com/products/matlab.html). 

Figure 2 reports the schematic of the proposed framework (data sources highlighted in the gray 
box). The first step (right side) is represented by the evaluation of the current distribution of AEDs, 
based on the computation of the catchment areas of currently placed devices (area where they can be 
effectively used within the time limit, see next paragraph for implementation details), and a model 
for estimation of the distribution of the resident population. This output is exploited (left side) by the 
development of a geographic risk function to estimate the risk of residential OHCA occurrence 
along the territory, and by the final optimization defining a new geographical distribution for AEDs, 
that is subsequently evaluated with the same approach applied to the current deployment.  

Roads 

(shapefile) 

AEDs 

(shapefile) 

Demographic 

database 

Buildings 

(shapefile) 

Resident population 

distribution: 

AED 

‘catchment 

areas’ 

Analysis of current 

distribution performance  

OHCAs 

(shapefile) 
Geographic risk function 

for estimation of OHCA 

occurrence probability 

Optimization strategy: 

target on residential areas 
Evaluation of new 

distributions 

Figure 2. Schematic representation of the proposed framework, with data sources highlighted in the
gray box. See text for further details.

2.2. AED “Catchment Areas”

In order to assess the performance of AEDs, a “catchment area” was defined as the area that can
be reached from the position of each AED within the set time limit (portion of territory potentially
covered by the AED presence). Guidelines from AHA [36] suggest a time of 3 min as the limit (thus
allowing back and forth within 6 min), but the conversion of this time limit into a space indication is not
established [19,24,37]. In most of the previous studies, catchment areas were computed as 100 m radius
circles [17,20,22,34,38,39]. For example, in the study by Sun et al. [39], a paper that studied if optimized
AED locations improved coverage of OHCA, results showed an increase in estimation between 50%
and 100%, where 100 m circular buffers were used as the measurement of device catchment areas.
However, other studies, such as Deakin et al. [24], where the impact of AED accessibility and locations
on the clinical outcome is investigated, and Bonnet et al. [9] where a platform for planning of optimal
AED deployment in urban environments is developed and validated, suggested the use of realistic

https://pgrouting.org/
http://www.postgresql.org
https://www.osgeo.org/
https://www.mathworks.com/products/matlab.html
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topography-based catchment areas. This second approach was followed in our research by computing
them considering the reachable distance moving along the streets network (not through Euclidian
distance), thus resulting in very different mapping results [24,28], especially when considering OHCA
coverage (i.e., when studying the whole territory of Lombardy region from 2015 to 2018, we reported a
15.35% OHCA coverage considering 200 m realistic areas against 9.43% considering 100 m circular
buffers [40]). The computation resulted successful for 929 of the 1001 AEDs (92.8%), whereas for the
remaining 72 (7.2%), the computation failed due to limitations in mapping quality, specifically in
relation to open spaces such as parks, squares and large facilities, where the walkable paths are not
clearly reported, and it is not possible to exclude the presence of obstacles. In these cases, the traditional
100 m circular buffer was considered, being the approach that better estimates the spatial coverage in
cases where roads mapping is insufficient, resulting in a comparable mean surface of the catchment
area [40]. Setting a 1.5 m/s walking speed (that is relatively low, in order to correct for the human factor
and delays due to non-trained bystanders), 3 min correspond to a distance of 270 m centered on each
AED. However, considering the time needed to reach the ground level from residential locations at
higher floors, a non-negligible issue in the urban environment of Milan, the path length for computation
of the catchment areas was reduced by a variable distance factor (max 70 m, down to a min final
measure of 200 m) based on the mean height of the buildings in an outer 100 m portion of territory
(between 150 and 250 m from the location of the AED) and weighting each building according to its
estimated resident population. Details about this adjustment are reported in Appendix A.

2.3. Geographic Risk Function

A geographic risk function, developed from retrospective data, expressing the expected probability
of residential OHCA occurrence, was computed on 200 × 200 m squared cells obtained gridding the
city territory; the cell dimension was set as a first conservative estimate for the possible presence of an
AED catchment area, with the AED to be installed at the center of the cell. The amount of resident
population in the area constituted the main factor; since a high level of granularity is required, a model
for the estimation of the amount of residents building-by-building was developed for the whole city,
as this information was not directly available. The estimate was derived as:

building_pop =
building_vol

vol_ud
=

building_vol ∗ tot_popd

tot_vold
(1)

where building_pop is the estimated number of residents for each building, building_vol the building
volume; vol_ud the LIN-specific residential volume available for each resident person, computed as
tot_vold/tot_popd, with tot_vold representing the total residential volume in each LIN; and tot_popd the
total resident population in each LIN.

However, aiming at a more accurate risk function definition, a purely geographic factor unbound
from the absolute number of residents was developed using supervised machine learning, where the
target variable (set as a geographic risk estimator) was constituted by the percentage incidence of
residential OHCA in the resident population. As previously stated, the whole territory was divided
into 200 × 200 m cells; those with < 200 inhabitants were discarded as they were considered statistically
meaningless, since the random noise component of the measured phenomenon (the percentage incidence
of residential OHCA in the population) is prevalent within these records. This operation resulted in
a final set composed of 2124 items. Each item was characterized by 35 attributes (three cell-specific,
32 LIN-specific) considering relevant factors with respect to OHCA occurrence probability [41],
including age and gender of the resident population, percentage of foreign citizens (divided by
ethnicity), resident population density, mean price of the properties in the district (considered as
a socioeconomic indicator), percentage of edified surface in the area, and more. Attributes were
reduced by applying Principal Components Analysis [42] separately on demography, ethnicity, and
socio-economical subsets of attributes, and maintaining resulting attributes until the total explained
variance was > 95% for each category, leading to a total of eight attributes; only these resulting eight
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attributes are used in the following steps of the algorithm. Outliers were identified through z-index
(defined as zind

i =
xi−µ
σ where xi is the value of record i, µ is the sample mean and σ is the sample

standard deviation) with threshold set to 5 [42] and then removed. The third-degree polynomial
interpolation (four estimated coefficients) for each of the right attributes with the target variable was
computed (32 total coefficients). The final predictor was calculated as a weighted average among all
the eight estimators (results of the interpolation for each attribute):

p̂i =

∑n
j=1 w j

(
c1, jv3

i, j + c2, jv2
i, j + c3, jvi, j + c4, j

)
∑n

j=1 w j
(2)

with:

p̂i: Target variable predictor (i-th item), estimate for the purely geographic risk function;
n: Attributes number;
cx, j: Coefficients for polynomial third degree interpolation (j-th attribute);
vi, j: Value of the j-th attribute for the i-th item;
w j: 1

r j
, where r j is the absolute value of the mean of residuals for the estimator from interpolation of

j-th attribute.

Figure 3 shows a schematization of the procedure: the model output values (geographic risk
function, represented by the target variable estimate) were rescaled in the [0,1] range and applied as a
weight to the number of resident population in the cell, providing the final risk level:

Ri = p̂i
∣∣∣
0−1 ∗ popi (3)

with:

Ri: Final risk level (i-th cell);
p̂i
∣∣∣
0−1: Predictor of OHCA percentage incidence (i-th cell, rescaled [0,1]), representing the estimate of

the purely geographic risk function;
popi: Estimated resident population (i-th cell);

The implemented risk function was validated through a Receiving Operating Characteristic (ROC)
curve: the cells where at least one OHCA occurred in a biennium (repeated on 2015–2016, 2016–2017,
and 2017–2018) were considered “positive”, otherwise they were considered “negative”. Setting a
threshold risk value (“alpha” threshold) separating “positive” and “negative” test outputs allowed the
computation of true positives (TPs), false positives (FPs), true negatives (TNs), and false negatives
(FNs). ROC curve was obtained plotting the sensitivity ( TP

TP+FN ) on y axis and 1-specificity (1− TN
TN+FP )

on x axis for different values of alpha threshold (ranging 0–1).

2.4. Optimization Strategy

An algorithm was implemented for the priority-ranked identification of cells where the installation
of an AED is required, according to the user-defined figure of merit, which can be budget constraint,
or the achievement of a target performance (in terms of coverage of final risk level, territory, resident
population, or retrospective OHCAs: in this latter case, the performance was estimated on the basis of
the coverage provided by the 200 × 200 m cell, set to be the a first rough and conservative estimate of
the possible presence of a catchment area). The optimization algorithm has as inputs:

• AEDs database, each weighted by an efficiency score (coverage of final risk level through its
catchment area), and by a time-accessibility score (ts) ranged 0 to 1, with 1 assigned to AEDs
accessible 24/7.
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• dataset of 200 × 200 m cells not covered by an AED, where each cell has a priority score expressed
by the final risk level.
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Figure 3. Schematization of the implementation of the geographic risk function. Panel A: The purely
geographic risk estimator (scaled in the range 0 to 1) is computed for each 200 × 200 m cell in which the
city territory was divided. Panel B: Number of estimated residents for each cell. Panel C: Their product,
where the geographic risk estimator was applied as a weight, providing a final risk function estimating
Out-of-Hospital Cardiac Arrest (OHCA) occurrence probability (scaled in the range 0 to 1).

The algorithm proceeds iteratively, identifying at each step the cell with the highest risk and the
least efficient AED (i.e., considering only AEDs in whose catchment areas where no OHCA occurred in
the last four years), choosing between the installation of a new AED or the repositioning of a pre-existing
one, considering the ratio between performance gain (coverage of final risk level) and implementation
cost (accordingly to AREU, 2500 € for a new installation and 500 € for a re-displacement), until the
user-defined objective was reached.

The outputs of the algorithm consist in:
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1. Identification of all the cells where an AED should be positioned according to the selected goal,
with priority ranking, as a new installation or a re-displacement;

2. Identification of the currently located AEDs that should be repositioned.

To assess efficiency (benefits/costs), a dedicated score (CE, Cost-Efficiency figure of merit) was
calculated:

CE(%) =
∆Tp

Tc/106 (4)

where:

- ∆Tp represents the increase in percentage of covered OHCAs from the baseline: when evaluating
the current AED distribution, the baseline value is assumed as 0%, whereas when evaluating new
distributions, the baseline represents the percentage of OHCAs covered through the pre-existing
deployment. As an example, a new simulated deployment covering 60% of retrospective events
could results in ∆Tp = 60 if representing a new distribution starting from blank (i.e., no AED
on the territory); otherwise in case of a coverage of 41.77% provided by the current distribution,
it results in ∆Tp = 60 − 41.77 = 18.23, thus representing further processing of the currently
implemented deployment.

- Tc is the cost for the implementation of such distribution, expressed in M€.

3. Results

From the analysis of the age distribution of the observed 7179 (88.06%) OHCAs in residential
locations (recorded from 2015 to 2018 in the city of Milan), most of the victims were older than
60 years (61–80 years old = 32.9%; >80 years old = 53.21%), where 46–60 years old accounted for
9.21%, 30–45 years old for 2.87%, <30 years old for 1.06%, while 0.74% of the records did not report the
victim’s age. Median time (25th, 75th) to arrival of EMS was 8 min 44 sec (6 min 55 s, 11 min), and in
only 143 cases (1.99%) of home OHCA the use of a public AED was reported. In Figure 4, in a zoomed
portion of Milan, the position of each AED currently installed, with its realistic catchment area, and of
each residential OHCA are shown.
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Figure 4. A zoomed portion of the city of Milan, with the position of each Automated External
Defibrillator (AED, yellow stars) and its realistic catchment area, and the position of each residential
Out-of-Hospital Cardiac Arrest (OHCA) in the period 2015–2018 (black dot).

3.1. Performance of Current AEDs Distribution

Table 1 reports the results of performance analysis of the current distribution of AEDs for the
OHCA database for the city of Milan. The sub-optimal coverage both of territory (23.14%) and resident
population (40%) was noticeable. Moreover, a high overlapping of catchment areas (39.28% of the total
catchment area of AEDs) was observed, where its elimination alone could provide a 9% increase in
coverage of city territory. The 41.77% of total OHCAs occurred within a catchment area (cost-efficiency
parameter CE = 16.69%), of which 50.46% for “outside” OHCAs, and 40.59% for residential OHCAs,
with a lowering the overall performance, as residential events represented almost the 90% of the total.
The 41.77% actual coverage was considered as the baseline to compute the cost-efficiency CE parameter
in new distributions.

Table 1. Results of performance analysis of the initial distribution of Automated External Defibrillators
(AEDs). Out-of-Hospital Cardiac Arrest (OHCA) coverage values are reported separately for residential
events (‘Home’), non-residential ones (‘Out’) and aggregated (‘Tot’, enlightened in bold).

Territory Coverage on Milan City
Area (%) Overlapping (%) Overlapped Coverage on

Milan City Area (%)

23.14% 39.28% 9.09%

Population Covered Population (%) Percentage of Covered
Population in Overlap

Total Population in
Overlap (%)

40.02% 40.3% 16.13%

OHCAs 2015–2016 2017–2018 Overall (2015–2018)
Coverage Home Out Tot Home Out Tot Home Out Tot

# 1387 222 1609 1527 269 1796 2914 491 3405
% on Total 39.56% 47.54% 40.5% 41.57% 53.16% 42.98% 40.59% 50.46% 41.77%

# in overlapping 484 113 597 559 149 708 1043 262 1305
% in overl. on cov 34.9% 50.9% 37.1% 36.61% 55.39% 39.42% 35.79% 53.36% 38.33%
% in overl. on tot 13.8% 24.2% 15.03% 15.22% 29.45% 16.94% 14.53% 26.93% 16.01%
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The correlation between common GIS attributes relevant to LIN and the use of AED in presence
of residential OHCA was analyzed. Interestingly, higher levels of use were associated with a lower
resident population (1720 [1119; 2587.5] vs. 2005 [1412; 2617.25]) with larger residential volume/person
available (219.6 [176.4; 265.73] vs. 190.44 [172.85; 256.38] m3/person), thus evidencing wealthier areas,
and with less prevalence of residents > 60 years old (27.5 [25.5; 30.1] vs. 28.2 [26.1; 30.7] %).

3.2. Validation of the Geographic Risk Function

Despite the actual prediction of OHCA incidence being impossible (due to the strong randomness
observed in the occurrence of OHCA), the small variations of the target value were considered
representative of the relative difference in the risk distribution.

The area of the obtained ROC curve was 0.887 for 2015–2016 (best “alpha” threshold at 0.037,
with 95% sensitivity and 68.2% specificity), 0.886 for 2016–2017 (best “alpha” threshold at 0.0317,
with 95% sensitivity and 67.8% specificity), 0.884 for 2017–2018 (best “alpha” threshold at 0.0263,
with 95% sensitivity and 67% specificity), confirming the reliability of the computed geographic
risk function.

3.3. Performance of the Optimized Distribution of AEDs

First, the optimization algorithm was applied to a scenario that replicated the number of currently
available AEDs, to test for possible improved configurations achievable if the proposed model would
have been used to assist in the decision about where to put each AED, as suggested by Sun et al. [39].
As expected, a better performance achievable in respect to the current one was evidenced, estimating
an increase in spatial coverage of all OHCAs of +31.56% (from 41.77% to 73.33%), with a CE parameter
increasing from 16.69% to 29.3% (+12.61%). Detailed results are reported in Table 2.

Table 2. Detailed results of performance analysis where a model-based distribution of the same number
of Automated External Defibrillators (AEDs) that are currently deployed is simulated.

Coverages OHCAs
(Home, Outside)

Geographic
Risk Function Area Resident

Population
Cost-Efficiency
Parameter CE

Current
deployment

41.77%
(40.59%, 50.46%) 39.51% 23.14% 40.02% 16.69%

Model-based
simulated

deployment
(% ∆)

73.33% (+31.56%)
(75.65%, 56.22%)

(+35.06%, +5.76%)

65.27%
(+25.76%)

29.07%
(+5.93%)

70.15%
(+30.13%)

29.3%
(+12.61%)

In order to evaluate the potential improvements, starting from the current situation, four additional
scenarios were simulated:

1. Displacements only (no new AED is installed, some of the currently located AEDs are
re-displaced): the algorithm suggested the re-displacement of 373 (37.26% of the total) AEDs, providing
an expected increase of covered OHCAs between 2015 and 2018 of 23.06% (from 41.77% to 64.83%),
with a CE of 123.65% (resulting very high due to the low cost of re-displacements).

2. Installation of fixed number (N = 100) of new AEDs and re-displacement of existing ones:
a total of 366 re-displacements (36.56%) were suggested in addition to the installation of 100 new
devices, potentially covering the 68.69% of OHCAs between 2015 and 2018, with a CE of 62.4%.

3. Doubling the current risk coverage (from 39.51% to 79.03%): this scenario resulted in an increase,
hence not a doubling, in total covered OHCAs from 41.77% to 74.9%, with a +33.13%, associated to a
remarkable coverage level, and with a CE which is twice that of the current deployment (from 16.69%
to 36.17%, +19.48%).

4. Doubling the initial investment relevant to the current distribution (estimated as 2,502,500 €,
based on the cost of installation of 1001 AED): results of this scenario showed the re-displacement of
293 (29.27%) AEDs together with 942 new installations, obtaining a risk function coverage close to the
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total (98.79%), accounting for the 88% of all the OHCAs, with a CE slightly higher than the initial level
(18.47%).

In Table 3, the detailed results of performance analysis for the simulated scenarios are presented.

Table 3. Detailed results of performance analysis of the simulated scenarios for new distributions of
Automated External Defibrillators (AEDs); signed values within brackets represent the delta in respect
to the corresponding value in the current placement (first column).

Current
Placement

Displacements
Only

100 New
AEDs

Risk
Coverage
Doubling

Budget
Doubling

Final AEDs N◦ 1001 1001
(=)

1101
(+100)

1396
(+295)

1943
(+942)

N◦ of re-displaced AEDs (%) /
373

(37.26%)
366

(36.56%)
357

(35.66%)
293

(29.27%)
Total Cost (€)

(% of initial estimated
investment)

2,502,500 186,500
(7.45%)

433,000
(17.3%)

916,000
(36.6%)

2,501,500
(99.96%)

Covered Risk 39.51% 64.52%
(+25.01%)

69.96%
(+30.45%)

79.03%
(+39.52%)

98.79%
(+59.28%)

Covered Area 23.14% 17.94%
(-5.2%)

19.98%
(-3.16%)

23.91%
(+0.77%)

36.43%
(+13.29%)

Covered Resident Population 40.02% 59.49%
(+19.47%)

64.08%
(+24.06%)

71.66%
(+31.64%)

88.75%
(+48.73%)

Covered home OHCAs
2015–2016 39.56% 65.43%

(+25.87%)
69.91%

(+30.35%)
76.41%

(+36.85%)
89.45%

(+49.89%)
Covered home OHCAs

2017–2018 41.57% 64.69%
(+23.12%)

68.69%
(+27.12%)

74.93%
(+33.36%)

89.14%
(+47.57%)

Covered home OHCAs
2015–2018 40.59% 65.05%

(+24.46%)
69.29%

(+28.7%)
75.65%

(+35.06%)
89.29%

(+48.7%)
Covered outside OHCAs

2015–2018 50.46% 63.21%
(+12.75%)

65.15%
(+14.69%)

69.37%
(+18.91%)

78.52%
(+28.06%)

Table 3. Cont.

Total Covered OHCAs
2015–2018 41.77% 64.83%

(+23.06%)
68.79%

(+27.02%)
74.9%

(+33.13%)
88%

(+46.23%)
Cost-efficiency

(% coverage improvement
over baseline/M€)

16.69% 123.65%
(+106.96%)

62.4%
(+45.71%)

36.17%
(+19.48%)

18.47%
(+16.78%)

It should be noticed that the estimation of the expected performance is strongly conservative, as
the catchment areas of hypothetical new AED installations are 200 × 200 m cells (and not referring to a
potential distance of 270 m), which is therefore an estimate by default.

Figure 5 reports a graphical representation of the output, where the algorithm returns currently
located AEDs that should be re-positioned and identifies cells where the installation of a new device
is suggested.
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Figure 5. Example of the graphical representation of the output of the optimization strategy. Among
currently available Automated External Defibrillators (AEDs), those that should be re-displaced (orange
catchment areas) or not (blue catchment areas) are indicated, while the cells where the installation of a
new device is suggested are depicted in green.

4. Discussion

In the context of deployment strategy of AEDs for improving spatial coverage of residential OHCAs,
several unsolved issues relevant to optimization frameworks in PAD programs were addressed:

• Dimensioning of the catchment areas: the proposed computation considers realistic areas, based
on the reachable distance within 3 min (allowing back and forth within 6 min) at 1.5 m/s velocity
(270 m), reduced by a variable quantity (max 70 m) depending on the mean height of the
surrounding buildings. This solution constitutes a possible improvement in matching a real-world
scenario, compared to previous literature (100 m circular area [17,20,22,34,38,39]).

• Development of the risk function: the main innovation was to focus on OHCAs occurring inside
residential locations constituting the majority of the events (almost 90% in the considered dataset),
characterized by higher mortality. Differently from previous studies [9,20,39], a supervised
learning approach inspecting the relation between geographic risk (target) and attributes related
to demography, socio-economic conditions and land-use was applied.

• Applicability as a decision-making support tool: in literature, only one example [9] of an interactive
interface for the optimization framework with the possibility for the user to modify the initial
parameters as a decision-making support was present. The novelty (and main potentiality) of the
proposed framework is related to its generalization and application to any new territory where
the input data (AEDs and past OHCAs geolocation, streets network, demography) are available,
although with variable accuracy to be determined according to the provided information (both
regarding quantity and quality). Moreover, the proposed framework also considers the possibility
to re-displace current devices (as suggested by Tierney et al. [38]) and allows the user to set the
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target constraints for optimization, choosing among a wider number of different criteria including
area, population or risk coverage, not just limited to budget or number of devices.

As a result, in the context of its application to the case study of the city of Milan, the proposed
strategy for AEDs deployment resulted more effective compared to the existing distribution. The initial
spatial coverage of OHCAs (41.77%) was significantly lower than that estimated to be achieved by the
new distribution (73.33%), resulting in a higher cost-efficiency parameter CE (from 16.69% OHCAs
coverage increase for 1 M € invested, up to 29.3%).

Based on the results of this study, AEDs placement should be directed by the public authority
according to a predefined plan, which is in line with results from similar studies [19,39]. Although
private funding is a primary source for the development of PAD programs, and should always be
encouraged, a centralized management of every initiative relevant to the installation of an AED would
result in a more efficient exploitation of the allocated resources, which is enlightened as a primary
objective by Deakin et al. [24].

This main conclusion is in line with Folke et al. [33], that examined cost-effectiveness of covering
OHCA in public places in the city of Copenhagen (Denmark) and concluded that strategic placement of
AEDs based on historical occurrence was economically acceptable, whereas unguided initiatives lead
to AEDs being placed inappropriately. Similarly, the use of geographical information together with
mathematical modelling helped in identifying such high-risk areas for the city of Toronto (Canada),
thus proving that strategic placement of AEDs in a limited number of sites may result in an increase
in public OHCA coverage in a large urban center [34]. When combined with community responder
programs, the proportion of OHCA in public settings treated by AED in the Seattle area increased
every year, from 1.56% in 1999 to 5.23% in 2002, with no adverse outcome from AED application in
non-arrest events, and with 25% survival for OHCA in residential settings [43].

In addition, it is worth noting that the resulting AEDs distributions in this study scenario focused
on residential events were not worsening (and actually improving, from 50.46% to 56.22%) the coverage
of OHCAs in outdoor locations, by globally covering a higher portion of territory. This relevant finding
suggests that a home-OHCA-based strategy does not impact negatively on the possibility of receiving
assistance by a bystander in case of outdoor OHCA. Whereas, on the contrary, policies focused on
optimizing AEDs distribution to cover outdoor OHCAs will have no or minimal impact in increasing
the coverage of residential OHCAs, resulting in a lower level of use of AEDs in residential locations
with respect to public places, as confirmed by recent studies [23,28].

Considering the performed simulations of further improvements in AEDs deployment
(even though results should be considered conservative, because catchment areas of new hypothetical
devices were estimated covering a 200 × 200 m area, instead of a realistic one), all new computed
distributions are more cost-efficient from the point of view of spatial coverage when compared with
the current deployment, including the most demanding simulated scenario (“budget doubling”),
where the expected coverage of OHCAs reached 88%.

The relationship between risk coverage and OHCAs coverage is non-linear due to the random
component of the phenomenon, which cannot be modelled; therefore, high levels of covered risk
(as percentage of the total) correspond to a lower percentage of covered OHCAs (e.g., in the “budget
doubling” scenario a 98.79% of covered risk corresponds to a 88% coverage of OHCAs). However,
the overall trend of the results in the different scenarios is coherent: an increase in risk coverage does
correspond to an increase in OHCAs and resident population coverages, although with a decreasing
ratio when approaching higher levels, implying a reduction in cost-efficiency. Despite the model being
targeted on residential OHCAs, the coverage of events happening outside the residential location was
increased too, although with lower ratios.

Main limitations concerning the utilized methodology were:

• Data quality: topographic and demographic open data, not specifically collected for scientific
purposes, were used for the development of the risk function. Moreover, the topographic mapping
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information was not complete and prevented the computation of realistic catchment areas for
72 (7.2%) of the considered devices, for which the use of the traditional (yet inefficient in terms
of OHCA coverage [40]) 100 m circular buffer was implemented. However, due to the limited
number of affected AED and their location (parks, squares and large facilities), which is not
relevant in addressing residential events (i.e., the main focus of this study), we considered the
resulting approximation as acceptable.

• AED placement spot: the algorithm identifies squared cells where an installation is considered
necessary (according to specifications), but no output is provided about the exact spot within the
cell where the AED should be placed, which means that the resulting coverage area might not be
the most efficient. A future development could address the identification of these spots, with a
following phase of fine-tuning positioning for each cell.

• Follow-up survival data not available: due to Italian legislation and separate database system
between the EMS provider and the hospitals, the assessment of the rescue outcome, neither in
short-term (as EMS crew often does not include a physician, so death could not be declared
until body arrival to the hospital) nor in long-term survival, was not available. This prevented
a possible comparison of the rate of AED use and successful resuscitation between cases of
home-OHCA, which occurred within the actual public AED catchment areas, versus those that
occurred outside. Although timely interventions on OHCA with a public AED do increase
survival probability [4,5], and the likelihood of such interventions is higher when the distance
between the OHCA location and the AED is shorter [28], the proposed increase in spatial coverage
provided by public AEDs, which is the target of this study, could be evaluated from an efficiency
point of view (e.g., by computing the results in terms of Quality-Adjusted Life Years, QALYs).
This is only if correlating more frequent uses of AED in events occurring within their catchment
areas with higher survival rates and better medical outcomes, of which were not available in this
study. However, Sondergaard et al. [28] reported a higher likelihood of use of public AEDs when
placed closer to OHCA locations, while Sun et al. [39] demonstrated, exploiting the Utstein-based
outcome prediction, that the increase in spatial coverage provided by AEDs is correlated with
higher survival chances and better neurological outcome. In addition, the report remarked that
this kind of “in-silico” trial “can be used to identify promising interventions based on objective
performance criteria and inform trial design in a data-driven manner, potentially saving significant
time and money”.

As the risk function was computed considering all OHCA etiologies, with both shockable rhythms
and pulseless electrical activity, a further improvement could be to limit the risk function computation
on OHCA with shockable rhythms only, in order to potentially maximize cost-effectiveness of AED
distribution. However, this was not possible with the available data, where 5963 records (73.15%) had
missing information for this field, and only in 352 records (4.32%) a shockable rhythm was reported,
also due to the result of the time-dependent deterioration of ventricular fibrillation to asystole [44],
considering that the median time to arrival of EMS was larger than the recommended 6 min.

Moreover, by expanding the spatial-temporal sample and having more records where a publicly
accessible AED is used, the correlation between territorial attributes (routing, environment etc.) and
the level (and quality) of public AEDs use could be further inspected, as well as possible correlations
with the medical outcome.

Finally, it is worth noticing that the actual use of public AEDs is still very low, in line with data
from other countries [37], with 227 reported uses in the 8152 total OHCA, accounting for 2.78% of the
cases, of which 143 were related to a home OHCA, also due to a 45.46% of missing data in the available
database. While increasing geographic coverage and spatial accessibility does not ensure by itself an
increase in the use of public AEDs (although Sondergaard et al. [28] enlightened a correlation between
AED-to-OHCA proximity and AED use), providing policy makers with methods for increasing AED
spatial accessibility represents a first step towards increasing their utilization and survival probability,
particularly if accompanied by public campaigns for awareness raising. The HAT trial [21], despite
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not finding differences in terms of mortality between the patients in the control group (conventional
response) and those to which a personal AED was given at home, confirmed that the use of AED
at home on loved ones or neighbors by lay users with minimal training was feasible, risk free, and
resulted in overall survival after cardiac arrest at home of 12% (18.3% for witnessed events), better than
the 2% previously reported [45].

Therefore, even if a more accurate distribution of the devices could improve PAD performance,
the first and key resource where more efforts should be invested are the final users. Campaigns for
awareness raising and citizens training [46], together with the inclusion of this kind of resource in the
EMS [25,47,48] (e.g., via smartphone app [49]), could positively improve PAD performance regardless
to the optimality of the deployment of the devices. These improvements in the usage model could also
provide AEDs retriever with the exact location and potentially with the faster routing, significantly
reducing the time to retrieval. Moreover, despite the assessed safeness of AED use from untrained
people, legal restrictions are still negatively impacting use level of AEDs from bystanders, especially in
Italy [16]. In other countries too, where willingness of bystanders to initiate resuscitation is higher,
usage is still low, at least to some extent due to the reduced accessibility [25,37].

5. Conclusions

The proposed framework for PAD, considering realistic catchment areas, showed that, in the
city of Milan, the current distribution of publicly accessible AEDs, based on the current guidelines
and use practice, is sub-optimal, both regarding the coverage of territory, of OHCA events, and of
resident population. The following optimization, exploiting a geographic risk function for estimation
of OHCA occurrence probability, could provide a highly valuable decision-making support for policy
makers, from which new installations or re-displacement of existing AEDs could result in effective
improvement in the spatial accessibility of publicly accessible AEDs.

Based on the results of this study, AEDs placement should be directed by the public authority
according to a predefined plan both concerning public and private initiatives, as stated in similar
studies [19,39]. The focus on residential OHCAs, following recent suggestions encouraging this
approach [22,25,29–31], revealed that, from a spatial point of view, targeting residential areas is more
effective in increasing coverage of both in-home and public OHCA.

The obtained findings could be considered as a relevant starting point for a real field application of
the proposed framework, which can be implemented for any territory in which the required information
is available. If including medical follow up of OHCA outcome, it could provide definite data for policy
makers on performance of algorithms for the most cost-effective placement of AEDs, leading to a more
effective definition of PAD programs guidelines. However, in line with conclusions by Sun et al. [39],
the proposed approach could already be considered valuable in guiding AED placements in order to
increase spatial coverage, which is likely to result in better clinical outcome for victims of OHCA.

Author Contributions: Conceptualization: Gianquintieri Lorenzo, Brovelli Maria Antonia and Caiani Enrico
Gianluca Methodology: Gianquintieri Lorenzo, Brovelli Maria Antonia and Caiani Enrico Gianluca. Software:
Gianquintieri Lorenzo Validation: Gianquintieri Lorenzo Formal Analysis: Gianquintieri Lorenzo, Brovelli
Maria Antonia and CAIANI ENRICO GIANLUCA Investigation: Brambilla Piero Maria, Pagliosa Andrea and
Villa Guido Francesco Resources: Brambilla Piero Maria, Pagliosa Andrea, Villa Guido Francesco and Caiani
Enrico Gianluca Data Curation: Gianquintieri Lorenzo, Brambilla Piero Maria, Pagliosa Andrea and Villa Guido
Francesco Writing-Original Draft Preparation: Gianquintieri Lorenzo, Brovelli Maria Antonia and Caiani Enrico
Gianluca Writing-Review & Editing: Gianquintieri Lorenzo, Brovelli Maria Antonia and Caiani Enrico Gianluca
Visualization: Gianquintieri Lorenzo, Brovelli Maria Antonia and Caiani Enrico Gianluca Supervision: Caiani
Enrico Gianluca Project Administration: Caiani Enrico Gianluca. All authors have read and agreed to the published
version of the manuscript.

Funding: This research received no external funding.

Acknowledgments: We acknowledge the support of AREU in sharing the historical data on OHCAs for the city
of Milan.

Conflicts of Interest: No actual or potential conflict of interest declared.



ISPRS Int. J. Geo-Inf. 2020, 9, 491 16 of 19

Appendix A

Adjustment of catchment areas dimensions considering buildings height.
1. Computation of a realistic catchment area with a target path dimension of 150 m, considered to

be the minimal distance after which the effect of building height could prevent the possibility to reach
the OHCA location within the time limit of 6 min (back and forth).

2. Computation of a realistic catchment area with a target path dimension of 250 m, considered to
be the maximal distance in which the OHCA location can be reached within the time limit of 6 min
(back and forth) even when considering buildings height.

3. Computation of the portion of the territory included within the realistic catchment areas with
150 and 250 m target path, considered to be the area in which buildings height could have an impact
and should be evaluated.

4. Identification of all the buildings in the territory included within the 150 and 250 m realistic
catchment areas, considered to be the buildings potentially impacting reaching the OHCA locations in
due time.

5. Computation of the weighted (on the base of estimated hosted resident population) mean
height mwh of buildings in the territory within the 150 and 250 m realistic catchment areas:

mwh =

∑
i hi ∗ popi∑

i popi

where hi is the height of the i-th building in the interest area, popi is the estimated resident population
living in the i-th building in the interest area (with the estimation method previously described).

6. Reduction of the dimension of the catchment area: The vertical movement speed is considered
to be 1.5 m/s, therefore the reduction dimension is computed as mwh* 1.5, where mwh is the weighted
mean height [m] of the buildings in the interest area (step 3).

lr = mwh ∗ 1.5 =

∑
i hi ∗ popi∑

i popi
∗ 1.5
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