
u n i ve r s i t y  o f  co pe n h ag e n  

Effect of Optimized Versus Guidelines-Based Automated External Defibrillator
Placement on Out-of-Hospital Cardiac Arrest Coverage
An In Silico Trial

Sun, Christopher L.F.; Karlsson, Lena; Morrison, Laurie J.; Brooks, Steven C.; Folke, Fredrik;
Chan, Timothy C.Y.

Published in:
Journal of the American Heart Association

DOI:
10.1161/JAHA.120.016701

Publication date:
2020

Document version
Publisher's PDF, also known as Version of record

Document license:
CC BY-NC-ND

Citation for published version (APA):
Sun, C. L. F., Karlsson, L., Morrison, L. J., Brooks, S. C., Folke, F., & Chan, T. C. Y. (2020). Effect of Optimized
Versus Guidelines-Based Automated External Defibrillator Placement on Out-of-Hospital Cardiac Arrest
Coverage: An In Silico Trial. Journal of the American Heart Association, 9(17), [e016701].
https://doi.org/10.1161/JAHA.120.016701

Download date: 22. maj. 2023

https://doi.org/10.1161/JAHA.120.016701
https://curis.ku.dk/portal/da/persons/fredrik-folke(18f24831-76c0-493e-8b41-0def45f77ce8).html
https://curis.ku.dk/portal/da/publications/effect-of-optimized-versus-guidelinesbased-automated-external-defibrillator-placement-on-outofhospital-cardiac-arrest-coverage(2ca16107-1bb3-462f-b587-b28c7cfe6037).html
https://curis.ku.dk/portal/da/publications/effect-of-optimized-versus-guidelinesbased-automated-external-defibrillator-placement-on-outofhospital-cardiac-arrest-coverage(2ca16107-1bb3-462f-b587-b28c7cfe6037).html
https://curis.ku.dk/portal/da/publications/effect-of-optimized-versus-guidelinesbased-automated-external-defibrillator-placement-on-outofhospital-cardiac-arrest-coverage(2ca16107-1bb3-462f-b587-b28c7cfe6037).html
https://doi.org/10.1161/JAHA.120.016701


Journal of the American Heart Association

J Am Heart Assoc. 2020;9:e016701. DOI: 10.1161/JAHA.120.016701 1

 

ORIGINAL RESEARCH

Effect of Optimized Versus Guidelines-
Based Automated External Defibrillator 
Placement on Out-of-Hospital Cardiac 
Arrest Coverage: An In Silico Trial
Christopher L. F. Sun , PhD; Lena Karlsson, MD, PhD; Laurie J. Morrison, MD, MSc; Steven C. Brooks, MD, MHSc; 
Fredrik Folke, MD, PhD; Timothy C. Y. Chan , PhD

BACKGROUND: Mathematical optimization of automated external defibrillator (AED) placement may improve AED accessibil-
ity and out-of-hospital cardiac arrest (OHCA) outcomes compared with American Heart Association (AHA) and European 
Resuscitation Council (ERC) placement guidelines. We conducted an in silico trial (simulated prospective cohort study) com-
paring mathematically optimized placements with placements derived from current AHA and ERC guidelines, which recom-
mend placement in locations where OHCAs are usually witnessed.

METHODS AND RESULTS: We identified all public OHCAs of presumed cardiac cause from 2008 to 2016 in Copenhagen, 
Denmark. For the control, we computationally simulated placing 24/7-accessible AEDs at every unique, public, witnessed 
OHCA location at monthly intervals over the study period. The intervention consisted of an equal number of simulated AEDs 
placements, deployed monthly, at mathematically optimized locations, using a model that analyzed historical OHCAs before 
that month. For each approach, we calculated the number of OHCAs in the study period that occurred within a 100-m route 
distance based on Copenhagen’s road network of an available AED after it was placed (“OHCA coverage”). Estimated impact 
on bystander defibrillation and 30-day survival was calculated by multivariate logistic regression. The control scenario involved 
393 AEDs at historical, public, witnessed OHCA locations, covering 15.8% of the 653 public OHCAs from 2008 to 2016. The 
optimized locations provided significantly higher coverage (24.2%; P<0.001). Estimated bystander defibrillation and 30-day 
survival rates increased from 15.6% to 18.2% (P<0.05) and from 32.6% to 34.0% (P<0.05), respectively. As a baseline, the 
1573 real AEDs in Copenhagen covered 14.4% of the OHCAs.

CONCLUSIONS: Mathematical optimization can significantly improve OHCA coverage and estimated clinical outcomes  
compared with a guidelines-based approach to AED placement.

Key Words: automated external defibrillator ■ guidelines ■ optimization ■ out-of-hospital cardiac arrest ■ public access defibrillation

Automated external defibrillator (AED) placement 
in public locations can significantly increase the 
likelihood of survival from out-of-hospital cardiac 

arrest (OHCA) by facilitating rapid bystander defibrilla-
tion.1–7 Recognizing the need for a consistent approach 
to deploying AEDs, the American Heart Association 
(AHA) and the European Resuscitation Council (ERC) 

developed guidelines for AED placement. Current AHA 
guidelines recommend, for example, AED placement in 
locations with a “relatively high likelihood of witnessed 
cardiac arrest.”8,9 Current ERC guidelines recommend 
placement “in public places with a high density and 
movement of citizens … where cardiac arrests are 
usually witnessed” and notes that placement in “areas 
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where one cardiac arrest per 5 years can be expected 
is considered cost-effective.”10 Past and present rec-
ommendations focused on high-traffic public loca-
tions and historical OHCA incidence. This focus is 
based on prior research establishing the importance 
of AED availability in high-risk public areas to improve 
patient outcomes and studies demonstrating cost-ef-
fectiveness of AED deployment.6,7,11–16 By design, 
such guidelines aim for generalizability instead of of-
fering location-specific placement recommendations. 

A downside of this approach is that the guidelines are 
left to local interpretation, which may lead to uneven or 
no implementation, given the lack of prescriptiveness.

At the other end of the spectrum, mathematical 
optimization models utilize historical OHCA data to 
identify specific and tailored locations for simultane-
ous AED deployment, accounting for existing AED 
placements, that maximize coverage of OHCAs for 
any given geography.17–21 Optimization approaches 
have demonstrated superiority over popula-
tion-guided AED placement heuristics17 and actual 
AED placement decisions.22 Although location rec-
ommendations provided by an optimization model 
in a specific geographic setting may not generalize 
to other geographic settings because of differences 
in spatiotemporal OHCA risk and city infrastruc-
ture, the optimization methodology itself is general-
izable and can be applied in any setting.23 In other 
words, optimization is both prescriptive and gener-
alizable. As a result, optimization is being introduced 
in policy statements regarding AED placement.24 
However, the literature lacks a rigorous head-to-
head comparison of optimization methods against 
placement approaches based on established inter-
national guidelines, the current gold standard for ev-
idence-based AED placement.

This article leverages a novel, recently developed, 
in silico trial framework22 to compare the effectiveness 
of AED placements determined by an optimization 
model with a guidelines-based approach using data 
from Copenhagen, Denmark. We compare the perfor-
mance of the 2 approaches to AED placements using 
OHCA coverage—a metric that quantifies the proximity 
of OHCAs to AEDs—retrospectively but in a rigorous 
out-of-sample manner, and we estimate the potential 
impact on bystander defibrillation and 30-day survival 
using logistic regression.

METHODS
This study was approved by the Danish Data 
Protection Agency. In Denmark, informed consent is 
not required for registry-based studies. The analytic 
methods (ie, code) that support the findings of this 
study are available from the corresponding author 
on reasonable request. However, because of the 
sensitive nature of the data collected for this study, 
requests to access the data set from qualified re-
searchers trained in human subject confidentiality 
protocols should be sent to Copenhagen Emergency 
Medical Services (EMS).

Study Setting
Copenhagen has a population of 600 000 and  covers 
roughly 97  km2. Copenhagen EMS consists of 

CLINICAL PERSPECTIVE

What Is New?
• We conducted the first comparison of opti-

mized automated external defibrillator (AED) 
placement and AED placement derived from 
the American Heart Association and European 
Resuscitation Council guidelines (placement 
at every public bystander-witnessed location 
of out-of-hospital cardiac arrest [OHCA]) in an 
8-year in silico trial (simulated prospective co-
hort study).

• AEDs placed by optimization covered a sig-
nificantly larger number of OHCAs, increasing 
estimated bystander defibrillation and 30-day 
survival compared with the guidelines-based 
approach.

• With optimized placement, 15 times fewer AEDs 
could provide the same coverage of OHCAs as 
the 1573 existing AEDs in Copenhagen.

What Are the Clinical Implications?
• Optimization models may improve the ac-

cessibility and the cost-effectiveness of AED 
placements for public OHCAs compared with 
guidelines-based approaches and existing AED 
placements

• AED placement strategies can benefit by tar-
geting areas of high historical OHCA incidence, 
regardless of witnessed status, and accounting 
for the coverage and utilization of existing AEDs 
placements to effectively allocate resources.

• A centralized decision maker that coordinates 
an optimized public access defibrillator pro-
gram can outperform local initiatives following 
guidelines or unguided approaches in a cost-
effective manner.

Nonstandard Abbreviations and Acronyms

AED automated external defibrillator
EMS emergency medical service
OHCA out-of-hospital cardiac arrest
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paramedic-staffed basic life support ambulances and 
physician-staffed mobile emergency care units that 
dispatch simultaneously in a 2-tiered system.

Study Design
We conducted a retrospective in silico trial (simulated 
prospective cohort study) to compare the public 
OHCA coverage provided by simulated AED place-
ments at mathematically optimized AED locations 
(intervention) with simulated AED placements based 
on international guidelines (control). In this article, we 
use “simulate” to refer to the hypothetical compari-
son of 2 AED placement schemes conducted using 
a computer model and not a method that involves 
random-number generation. Described conceptu-
ally, we went back in time twice, placing AEDs first 
according to our optimization model and second ac-
cording to the guidelines-based placement strategy 
and compared their performance. The control and 
intervention were also compared with the real AED 
placements in Copenhagen as a baseline.

Study Population and Data Sources
We used retrospective, registry-based OHCA data col-
lected by the mobile emergency care unit physicians 
in Copenhagen, Denmark.25 All public, bystander-wit-
nessed and unwitnessed OHCAs of presumed cardiac 
cause with attempted resuscitation by either bystand-
ers or EMS personnel in Copenhagen were included in 
the study. We excluded OHCAs related to trauma, drug 
overdose, attempted suicide, or violent assault; those 
with obvious signs of death (eg, rigor mortis); and EMS-
witnessed cases. The study period comprised OHCA 
data from January 2008 to December 2016; outcomes 
were measured using these data. OHCA data from the 
prestudy period from January 1994 to December 2007 
were used as part of the training data for the optimiza-
tion model.

The OHCA data included standard Utstein predic-
tors of outcome. Information on bystander-witnessed 
collapse, bystander cardiopulmonary resuscitation, 
and bystander defibrillation before EMS arrival was 
available for OHCAs starting January 2008. Public 
locations were defined as areas accessible to the 
public, including outdoor locations, public transporta-
tion areas, commercial buildings, and civic buildings. 
Hospitals and residential locations (eg, nursing, private, 
and senior homes) were excluded.

Publicly available AEDs registered as of 2016 
from the Danish AED Network in Copenhagen and 
AEDs outside the city near historical OHCAs were 
included in the study. The AED registry, which is rou-
tinely validated, contains the registration date, loca-
tion, and available times of all registered AEDs. AED 
registration is recommended by the National Board 

of Health in Denmark and most AED vendors but 
is voluntary. Approximately two-thirds of all AEDs 
sold in Denmark are registered in the Danish AED 
Network.26 Registered AEDs are typically placed in 
a decentralized fashion, with individual stakehold-
ers independently placing AEDs in an uncoordinated 
manner.25

We generated a grid system in which each grid 
point was a candidate AED location. The grid system 
comprised a square grid with 15 m between points, 
augmented with grid points centered on each historical 
OHCA event and a large set of businesses and public 
locations of interest across the city (n=2138). The ad-
dresses of the businesses and public locations were 
collected from a previous study.23

We used ArcMap 10.5 to calculate the true route 
distance (100-m walking distance according to the 
road network) between each grid point and histori-
cal cardiac arrest using pedestrian-accessible paths, 
roads, and trail networks, accounting for buildings and 
city infrastructure.

Development of Trial Groups
Control

The control was formed by placing a 24/7-avail-
able AED at the location of every historical, public, 
bystander-witnessed OHCA during the study period. 
Bystander-witnessed OHCAs that occurred within 
10 m of each other, based on the EMS-recorded pick-
up address, were treated as the same arrest location 
and not as 2 unique arrest locations. Consequently, 
if a bystander-witnessed OHCA occurred within 10 m 
of a prior bystander-witnessed OHCA, a second AED 
would not be placed at that location.

To simulate AED placement over the study period, 
we divided it into consecutive and disjoint 30-day 
time periods. In each time period, the numbers and 
locations of the bystander-witnessed OHCAs were 
identified. Then, an AED was placed at each location 
(notwithstanding the 10-m rule) at the end of the time 
period. The total number of AEDs placed during time 
period t was denoted as nt. Implementation of the con-
trol resulted in a gradual placement of AEDs over time 
(Figure 1).

Note that all available bystander-witnessed 
OHCAs in Copenhagen, consisting of data from 
January 2008 onward, were used to inform the AED 
placement decisions in the control. Before this date, 
information on bystander-witnessed status was not 
collected for inclusion in the OHCA database; there-
fore, a guidelines-based approach requiring knowl-
edge of bystander-witnessed status would not be 
implementable. Although the control utilizes bystand-
er-witnessed OHCAs to guide AED placement, the 
simulated placements are evaluated on all OHCAs 
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(bystander witnessed and unwitnessed) meeting the 
inclusion criteria (see Primary Outcome for further 
details).

Intervention

A previously developed and validated optimization 
model17 (Data S1) was used to place an equal number 
of optimized 24/7-available AEDs in each 30-day time 
period as the number placed in the control group. In 
each time period, the optimization model determined 
AED locations that maximized coverage of all OHCAs, 
witnessed and unwitnessed, that occurred before the 
end of that time period, while accounting for previously 
placed AEDs and previous OHCAs already covered by 
those AEDs. That is, for the first 30-day time period (t1), 
the model examined all OHCAs from January 1994 to 
January 2008 to optimize n1 AED placements. In the 
second time period (t2), n2 AED placements were op-
timized considering all OHCAs from January 1994 to 
February 2008, excluding those already covered by the 
n1 AEDs placed in the first time period. This procedure 

was repeated for all subsequent 30-day time periods 
until the end of the study period (Figure 1).

Primary Outcome
We used OHCA coverage to evaluate the performance 
of the control and intervention. OHCA coverage was 
defined as the number of all OHCAs, both bystander 
witnessed and unwitnessed, that occurred within 
100-m walking distance according to the road network 
(ie, route distance) from an AED after it was placed. A 
distance of 100  m was chosen to represent the far-
thest roundtrip distance an individual can travel on foot 
from an OHCA victim to a nearby AED, based on previ-
ous AHA guidelines advising defibrillation within 3 min-
utes of collapse27 and previous studies that also used 
a 100-m distance.

Primary Analysis
Comparing OHCA Coverage

Significant differences in OHCA coverage between 
the control and intervention were determined using 

Figure 1. An illustration of the optimization (intervention) and guidelines-based (control) 
approaches to AED placement.
In the control, the AEDs (green AED symbol) are placed at the end of each time period at the locations 
of the historical, bystander-witnessed OHCAs (orange heart symbol). The optimization model placed an 
equal number of AEDs as the control at the same point in time but considering all previous OHCAs 
(all heart symbols) and placed AEDs. *Bystander-witnessed status of an OHCA was available starting 
January 2008. Therefore, OHCAs that occurred before this date could not be used in the control. AED 
indicates automated external defibrillator; and OHCA, out-of-hospital cardiac arrest.
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the McNemar test for paired data (2 approaches were 
compared over the same OHCA population). A χ2 test 
(1-way ANOVA for age-related variables) was used 
to test for significant differences between the char-
acteristics of the OHCAs covered in the intervention 
and the control. P<0.05 was considered statistically 
significant. Coverage gain was computed as the per-
centage increase in OHCA coverage of the interven-
tion over the control. As a measure of efficiency, the 
number of AEDs placed per covered OHCA was cal-
culated as the total number of AEDs placed divided by 
the total OHCA coverage at the end of the study pe-
riod. The percentage of all OHCAs covered, defined as 
OHCA coverage divided by the total number of public 
OHCAs in the study, was also calculated for each ap-
proach. We verified the robustness of our results on 
OHCA coverage by randomly permuting the sequence 
of OHCA incidents over the study period and repeat-
ing the analysis (Data S2). In addition, the cumulative 
distribution of covered OHCAs based on the route dis-
tances between each OHCA and the nearest AED, up 
to 300 m, was visualized for the control and interven-
tion approaches to further characterize the differences 
in proximity to an AED.

As a performance baseline, we calculated OHCA 
coverage of the real AED placements in Copenhagen 
over the study period. We used the location, date, 
and hours of availability of each AED registered in 
the Danish AED network with respect to the time 
and dates of historical OHCAs to calculate spatio-
temporal OHCA coverage using the same frame-
work described earlier. Spatiotemporal coverage 
accounts for the limited temporal availability of the 
real AEDs by considering an OHCA as covered only 
if it occurred during the hours of availability of an AED 
within 100 m. The final AED placements in the control 
and intervention and a heatmap of the OHCAs were 
visualized using QGIS v2.18.4.

Estimating Patient Outcomes

We developed separate multivariate logistic regres-
sion models to estimate the effect of OHCA cover-
age on bystander defibrillation and 30-day survival, 
adjusting for standard Utstein variables (age, sex, 
response time, bystander-witnessed arrest, and 
bystander cardiopulmonary resuscitation).22 Each 
model was trained using the OHCAs from the study 
period. Values of the Utstein variables and outcome 
(bystander defibrillation or 30-day survival) were 
taken from each OHCA directly. The value of the 
OHCA coverage variable (1=covered, 0=uncovered) 
was based on whether the OHCA was covered by 
a real AED during the study period. We measured 
model fit using the area under the curve of the re-
ceiver operating characteristic curve. We performed 

10-fold cross-validation to calculate a mean area 
under the curve and 95% CIs. Implementation de-
tails, including additional information about the mod-
els, data preprocessing, and missing data imputation 
are provided in Data S3.

The fitted models were then applied to the OHCA 
coverage values from the simulated AEDs in the in-
tervention and control to estimate the potential im-
pact on bystander defibrillation and 30-day survival. 
Specifically, the models predicted the probability of 
bystander defibrillation or 30-day survival for each 
OHCA in the study period, using the OHCA coverage 
values corresponding to the intervention or control 
placements while adjusting for the Utstein variables. 
The exact values of the Utstein variables from each his-
torical OHCA were used in the model to appropriately 
account for the actual circumstances of the response 
to the OHCA. In other words, our predictions implicitly 
account for factors that influence patient outcomes, 
such as regional variation of bystander response rates 
to OHCAs.

As is standard with logistic regression, we trans-
formed the predicted probabilities to a binary outcome 
using a discriminant threshold: probabilities above the 
threshold are rounded up to 1 (ie, positive outcome), 
and probabilities below the threshold are rounded 
down to 0 (ie, negative outcome). The discriminant 
threshold value for each model was derived from 
the historical OHCAs and real AED placements. The 
threshold value was calibrated such that when the fit-
ted model was applied to the OHCA coverage values 
from the real AED placements, the predicted propor-
tion of positive outcomes matched the actual historical 
proportion.

We calculated the percentage of OHCAs with pos-
itive predicted outcomes over all OHCAs in the study 
period and the percentage increase of the intervention 
over the control. Significant differences in estimated 
outcomes were measured using the McNemar test. 
Patient outcomes were also estimated in the sensitiv-
ity analysis assessing OHCA coverage following the 
random permutation of OHCA incidents, as outlined 
in Data S2.

To examine the sensitivity of the estimated out-
comes to different modeling approaches, we repeated 
this process using the route distance to the nearest 
AED, in place of OHCA coverage, as a predictive vari-
able and cubic spline regression models (described in 
Data S4).

Secondary Analysis
To examine the effect of limited resources on AED 
network design and the resulting performance dif-
ference between the control and intervention ap-
proaches, we repeated the primary analysis with a 
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limit on the total number of AEDs that could be placed 
during the study period. Specifically, both the control 
and intervention proceeded as described previously, 
until the number of AEDs placed reached the limited 
total number of AEDs, after which no additional AEDs 
were placed for the remainder of the study period. 
We considered AED network sizes from 50 up to the 
number of AEDs placed in the primary analysis, in 
increments of 50 (eg, 50, 100, 150). For each limited 
total number of AEDs, we calculated OHCA cover-
age, bystander defibrillation, and 30-day survival, as 
described previously. Differences in these values be-
tween control and intervention were measured using 
the McNemar test. The number of AEDs required to 
reach the level of OHCA coverage provided by the 
real AED placements for each approach was also 
determined by comparing the coverage of each AED 
network of reduced size against the coverage from 
the real AEDs.

Sensitivity Analysis of the Control 
Placement Strategy
We examined the sensitivity of our primary result by 
altering the definition of the control and repeating the 
in silico trial. In this analysis, instead of placing an 
AED at every bystander-witnessed arrest, the control 
placed an AED at every “hotspot” composed of 2 by-
stander-witnessed OHCAs during the study period. 
That is, an AED was placed at every bystander-wit-
nessed OHCA that had a previous bystander-wit-
nessed OHCA occurring within 100 m of it; as before, 
OHCAs occurring within 10 m were not counted as a 
second distinct arrest location. The intervention was 
unchanged, except that the number of optimized 
AEDs placed in every time period was reduced to 
match the number of AEDs placed in the control. As 
before, the control and intervention were evaluated 
on coverage of witnessed and unwitnessed OHCAs. 
We repeated the regression analyses to estimate im-
pact on bystander defibrillation and 30-day survival.

RESULTS
Table  1 summarizes the characteristics of the 653 
public OHCAs that occurred during the study period 
(January 2008 to December 2016). Approximately 13.4 
public OHCAs occurred per year per 100 000 people 
in Copenhagen.

Primary Analysis
Comparing OHCA Coverage

The control placed 393 AEDs that covered 15.8% (103 
of 653) of all OHCAs in the study period. The 393 op-
timized AED placements in the intervention covered 

24.2% (158 of 653) of all OHCAs, which was significantly 
higher than the control (P<0.001) and corresponded 
to a relative coverage gain of 53.4%. The number of 
AEDs placed per covered OHCA was 3.8 for the con-
trol and 2.5 for the intervention. The coverage gain due 
to optimization remained statistically significant when 
the sequence of OHCAs was permuted, indicating ro-
bustness of the results (Figure S1). Figure 2 illustrates 
the progression of OHCA coverage from the start of 
the study period.
Figure S2 shows that the geographical distribution of 
optimized AEDs matches with the OHCA distribution 
better than the guidelines-based AEDs. This alignment 
is particularly noticeable in the large OHCA hotspot 
north of the central core of Copenhagen, where op-
timized AEDs were placed directly in the hotspot, as 
opposed to around the periphery as in the control.

The 1573 real AEDs that were placed in 
Copenhagen during the study period covered 14.4% 
(94 of 653) of all OHCAs, corresponding to 16.7 AEDs 
per covered OHCA (Figure 2). OHCA coverage from 
the real AED placements was significantly lower than 
the intervention (P<0.001) but was not significantly 
different from the control (P=0.498). The number of 
real AEDs placed was greater than the number of 
AEDs placed by the intervention and control in each 
time period (Figure  S3). Figure  3 shows the cumu-
lative distribution of the number of covered OHCAs 
as a function of the distance from OHCAs and the 
nearest AED, up to 300 m, at the end the study pe-
riod. The control had a larger number of OHCAs in 
close proximity to an AED (<20 m), but the cumula-
tive count lagged behind the intervention once the 

Table. Baseline Characteristics of All Public OHCAs in 
Copenhagen During the Study Period (January 2008 to 
December 2016)

OHCA Characteristics

Study Period: 
January 2008 to 
December 2016 

(n=653)*

Age, median (IQR), y 64 (53–75)

Men, n (%) 62 (52–72)

Women, n (%) 75 (60–83)

Male sex, n (%) 484 (76.5)

Shockable initial heart rhythm, n (%) 283 (43.3)

Bystander-witnessed arrest, n (%) 438 (69.9)

Received bystander CPR, n (%) 440 (70.4)

Received bystander defibrillation, n (%) 94 (14.6)

30-d survival, n (%) 192 (32.3)

CPR indicates cardiopulmonary resuscitation; IQR, interquartile range; 
and OHCA, out-of-hospital cardiac arrest.

*Number of missing for variables available and described for the OHCAs 
during the study period: age (n=34), sex (n=20), bystander-witnessed arrest 
(n=26), received bystander CPR (n=28), received bystander defibrillation 
(n=8), and 30-day survival (n=59).
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distance reached ≈70 m. The number of covered ar-
rests in the intervention increased much more rap-
idly than the control as the distance approached the 
100-m coverage radius.

Estimating Patient Outcomes

The bystander defibrillation model had an average area 
under the curve of 0.69 (95% CI, 0.64–0.73) over the 
10 folds. The 30-day survival model had an average 
area under the curve of 0.74 (95% CI, 0.67–0.81). The 
OHCA data used to fit the model are further described 
in Data S3. The models predicted outcomes within 0.1 
percentage point of actual outcomes, indicating that 
the discriminant thresholds were well calibrated (see 
Table S1). The specific threshold values used are given 
in Data S3.

Applying the fitted bystander defibrillation model 
to OHCA coverage values from the control and in-
tervention over the study period demonstrated a 
significant increase in the estimated bystander de-
fibrillation rate from 15.6% in the control to 18.2% 
in the intervention (16.7% relative increase; P<0.05) 
across all 653 OHCAs. Estimated 30-day survival 
demonstrated a significant increase from 32.6% in 
the control to 34.0% in the intervention (4.2% relative 

increase; P<0.05). The characteristics of the covered 
OHCAs are given in Table S2. For reference, the his-
torical bystander defibrillation and 30-day survival 
rates corresponding to the real AED placements in 
Copenhagen are shown in Table 1. The directions of 
the estimated outcomes were consistent with these 
results when using the cubic spline regressions (Data 
S4) and when the sequence of OHCAs was permuted 
(Figure S1), further demonstrating robustness of the 
results.

Secondary Analysis
Figure 4 summarizes OHCA coverage and predicted 
outcomes as a function of the number of AEDs placed 
during the study period. Coverage was significantly 
higher (P<0.05) in the intervention for all AED net-
work sizes. Accordingly, fewer AEDs were placed for 
each covered OHCA in the intervention (0.8–2.5 AEDs 
placed per covered OHCA) compared with the con-
trol (1.7–3.8 AEDs placed per covered OHCA) for each 
AED network size. The increase in bystander defibrilla-
tion was significant for network sizes of 50, 300, 350, 
and 393 AEDs (P<0.05). The increase in 30-day sur-
vival was significant for AED network sizes of 50, 150, 
250, 300, 350, and 393 AEDs (P<0.05).

Figure 2. OHCA coverage over the study period for the optimization approach (intervention) 
and the guidelines-based approach (control) in the primary analysis and the real AED placements.
Of the 653 OHCAs that occurred during the study period, the control covered 103 OHCAs (15.8%), the 
intervention covered 158 OHCAs (24.2%) using 393 AEDs, and the real AEDs covered 94 OHCAs (14.4%) 
with 1573 AEDs. The total coverage of the intervention was significantly greater than the control (P<0.001). 
AED indicates automated external defibrillator; and OHCA, out-of-hospital cardiac arrest.D
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Figure 5 highlights the improved efficiency of AEDs 
placed according to the control and intervention ap-
proaches compared with the real AEDs in Copenhagen. 
The 1573 real AEDs (262.2 AEDs per 100 000 inhab-
itants) in Copenhagen covered 95 of the 653 OHCAs 
in the study period. In contrast, 100 AEDs with 24/7 
accessibility (16.7 AEDs per 100 000 inhabitants) that 
were placed by optimization generated a similar cover-
age level (93 OHCAs covered). When placed by guide-
lines, 250 AEDs with 24/7 accessibility (41.7 AEDs per 
100 000 inhabitants) were needed to reach a similar 
coverage level (95 OHCAs covered). These results 
equate to a 15-fold reduction in the number of AEDs 
needed for optimization compared with the real AEDs 
(relative decrease of 93.6%) and a 6-fold reduction for 
AEDs placed by guidelines (relative decrease of 84.1%).

Sensitivity Analysis of the Control 
Placement Strategy
Comparing OHCA Coverage for the Modified 
Control Placement Strategy

In total, 131 AEDs were placed at hotspots of ≥2 by-
stander-witnessed OHCAs and covered 5.1% (33 of 
653) of all OHCAs, corresponding to 4.0 AEDs placed 
per covered OHCA. The corresponding intervention 
covered 9.2% (60 of 653) of OHCAs, corresponding to 
2.2 AEDs per covered OHCA (Figure 2). The difference 
in coverage was significant (P<0.001) and corresponded 
to a relative coverage gain of the intervention over the 

control of 81.8%. OHCA coverage of the intervention 
remained significantly higher than the control after per-
muting the sequence of OHCAs (Table S3), again con-
firming robustness of the results. Figure S4 shows that 
the optimized AEDs were better aligned with the distri-
bution of OHCAs, especially near the city center, com-
pared with the AEDs in the control. As a result of placing 
far fewer AEDs, the control and intervention in the sensi-
tivity analysis provided significantly lower coverage than 
the control and intervention in the primary analysis.

Estimating Patient Outcomes for the Modified 
Control Placement Strategy

The intervention was associated with small but statis-
tically insignificant improvements in estimated patient 
outcomes. Estimated bystander defibrillation increased 
from 9.8% in the control to 11.0% in the interven-
tion (P=0.17), corresponding to a relative increase of 
12.5%. Similarly, estimated 30-day survival increased 
from 31.2% in the control to 31.7% in the intervention 
(P=0.45), corresponding to a relative increase of 1.5%. 
The characteristics of the covered OHCAs are given in 
Table S4.

DISCUSSION
This article presents the first rigorous comparison of 
optimized AED placements and placements based 
on AHA and ERC guidelines,8–10 using a novel in silico 

Figure 3. The cumulative count of covered OHCAs based on the distance of the OHCA to the 
nearest AED for the optimization approach (intervention) and guidelines-based approach (control).
AED indicates automated external defibrillator; and OHCA, out-of-hospital cardiac arrest.
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Figure 4. The OHCA coverage (A), estimated bystander defibrillation (B), and 
estimated 30-day survival (C) over the 653 OHCAs during the study period for 
networks with between 50 and 393 AEDs placed in accordance with the optimization 
approach (intervention) and guidelines-based approach (control).
Asterisks indicate network sizes where the corresponding outcome measure was significantly 
higher in the intervention than the control. AED indicates automated external defibrillator; 
and OHCA, out-of-hospital cardiac arrest.
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trial framework developed previously for evaluating 
AED placement decisions.22 Our first main finding 
is that optimized AED placements significantly in-
creased OHCA coverage, which can result in signifi-
cant estimated increases in bystander defibrillation 
and 30-day survival compared with a guidelines-
based placement strategy that placed an AED at 
every public, bystander-witnessed, OHCA location. 
Second, 6 to 15 times fewer AEDs (guidelines and 
optimization strategy, respectively) are needed to 
achieve the same level of coverage as existing de-
ployed AEDs in Copenhagen.

Our primary finding is that optimized AED place-
ments significantly increased OHCA coverage com-
pared with a guidelines-based placement strategy 
(15.8% in the control versus 24.2% in the interven-
tion). In other words, if we went back in time twice, 
first placing AEDs according to our optimization 
model and then, second, placing them according to 
the guidelines-based placement strategy, 3 OHCAs 
would have been covered in the optimized placement 
strategy for every 2 covered in the guidelines-based 
placement strategy. The significant increase in 
OHCA coverage corresponded to significant esti-
mated increases in bystander defibrillation (15.6% in 

the control versus 18.2% in the intervention) and 30-
day survival (32.6% in the control versus 34.0% in the 
intervention).

Furthermore, the increase in OHCA coverage due to 
optimization over guidelines remained statistically sig-
nificant even as the number of AEDs placed during the 
study period was reduced. Just more than half of the 
smaller AED network sizes had estimated bystander 
defibrillation and 30-day survival rates that were sta-
tistically larger in the optimization intervention. For the 
range of AED network sizes considered in our second-
ary analysis, optimization consistently outperformed 
guidelines on the larger network sizes. In comparison 
with real AEDs, our results are also consistent with pre-
vious studies that demonstrated that optimization and 
guidelines-based approaches outperform real place-
ment decisions.12,22

We considered the placement of a 24/7-available 
AED at every historical, unique, witnessed OHCA lo-
cation as a reasonable implementation strategy for in-
ternational placement guidelines because it accurately 
reflects the AHA and ERC recommendations8–10 and 
provides explicit guidance that is easy to understand 
and implement. We modeled 24/7-available AEDs be-
cause it is well known that increased temporal AED 

Figure 5. The number of AEDs placed to cover at least 93 (14.2%) of 653 OHCAs for the 
optimization approach (intervention) and guidelines-based approach (control) in the secondary 
analysis and the real AED placements.
The specified level of coverage was reached with 1573 of the real AEDs in Copenhagen (262.2 AEDs 
per 100 000 inhabitants), 100 optimally located AEDs that were 24/7 accessible (16.7 AEDs per 100 000 
inhabitants), and 250 AEDs placed by guidelines and that were 24/7 accessible (41.7 AEDs per 100 000 
inhabitants). AED indicates automated external defibrillator; and OHCA, out-of-hospital cardiac arrest.
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accessibility improves OHCA coverage and is posi-
tively associated with bystander defibrillation and sur-
vival.18,26,28 The use of historical OHCA data to guide 
placement decisions is appropriate because the 
spatial distribution of OHCAs has been shown to be 
stable over time19,29 and is in line with previous AHA 
and ERC guidelines and studies focused on devel-
oping AED placement strategies12,27,30–32 that recom-
mended placement at historical OHCA locations. Our 
guidelines-based approach was shown to provide at 
least as much coverage as the real AEDs placed in 
Copenhagen with only one-sixth the number of AEDs 
(Figure 5), validating its effectiveness as a placement 
strategy.

Although guidelines are designed to be general, 
subjectivity in their interpretation can be a shortcom-
ing. The lack of prescriptiveness in current guidelines 
can, for example, lead to different interpretations and 
varying levels of effectiveness depending on how 
the guidelines are implemented. In fact, our sensitiv-
ity analysis identifies the exact change in the perfor-
mance due because of an alternative interpretation of 
the guidelines text. Instead of placing an AED at every 
witnessed OHCA, the sensitivity analysis considered 
only hotspots of ≥2 witnessed OHCAs for AED place-
ment. This seemingly minor change resulted in a much 
smaller number of AED placements (an amount that 
had previously been shown to be inadequate in the 
study setting12) and a dramatically lower level of OHCA 
coverage than the control (guidelines-based place-
ment strategy correctly implemented) in the primary 
analysis. This result suggests that placing AEDs only 
in hotspots of multiple OHCAs is less effective than 
placing them at each historical witnessed OHCA lo-
cation, even if other historical OHCAs and AEDs are 
within 100 m.

In contrast to guidelines, optimization prescribes 
specific locations for AED placement that maximize 
OHCA coverage. An optimization model can support 
the design of tailored AED networks that consider re-
source and data constraints specific to the individual 
community17,20,23 while being generalizable to different 
geographic locations.23 For example, if resources are 
insufficient to place AEDs in all high-risk locations, op-
timization can prioritize placement within these loca-
tions. In addition, optimization models can effectively 
utilize OHCA data of varying levels of granularity (eg, 
witnessed status being known or not known) to inform 
placement decisions. In comparison, guidelines focus 
on bystander-witnessed OHCAs only, but these data 
are not always collected. Without optimization, com-
munities that do not have bystander-witnessed status 
for their OHCAs may need to rely on older and less ef-
fective guidelines based on general OHCA incidence.

The benefits of optimization can be realized through 
centralized decision makers that develop and maintain 

public access defibrillator programs. However, imple-
mentation of an optimization model requires additional 
technical expertise compared with following a simple 
guidelines approach. As an alternative to optimiza-
tion, some benefits can be realized through a modified 
guidelines-based approach, placing AEDs in areas of 
high historical OHCA incidence, regardless of bystand-
er-witnessed status, and accounting for the coverage 
and utilization of existing AEDs placements.

Coincidentally, the suboptimal placement strat-
egy defined by the control in the sensitivity analysis is 
roughly equivalent to placing an AED in a location with 
at least 1 witnessed OHCA every 5 years, a strategy 
deemed cost-effective in previous guidelines.10,15,27 If 
such an approach is deemed cost-effective, and our 
sensitivity analysis demonstrates that optimization 
outperforms this approach, it suggests that optimi-
zation can be an even more cost-effective approach 
to deploying AEDs. In particular, our results demon-
strated that ≈100 optimized AED placements can 
provide a level of coverage equivalent to the 1573 
AEDs in Copenhagen (Figure  5), corresponding to a 
15-fold reduction in the number of AED placements. 
Our modeling approach focused on 24/7-accessible 
AEDs because we believe it is the most appropriate 
way to interpret the AHA and ERC guidelines, which 
do not mention temporal accessibility. An ideal AED 
network should have no temporal accessibility barriers 
to AED use. Although 24/7 placements may be associ-
ated with higher costs compared with standard indoor 
placements that comprise the majority of real AED net-
works,6,25,26,33–35 innovative colocation venues such as 
vending machines, bank machines, and advertisement 
boards may reduce costs compared with outdoor 
stand-alone cabinets.36–38 Housing AEDs in commer-
cial locations that are typically open 24/7, such as bank 
vestibules or certain food outlets, may also serve as 
an effective means to improve AED accessibility in an 
affordable manner.39

This study has several limitations. First, our re-
sults are dependent on how our control was defined, 
and there may be other possible ways to imple-
ment a guidelines-based AED placement strategy 
beyond the definitions we considered. Second, our 
in silico trial is essentially a counterfactual analysis 
with causal certainty, which requires an end point 
that can be measured unambiguously on the com-
puter. As such, we can estimate the potential impact 
of optimized AEDs on only clinical outcomes using 
our primary end point of OHCA coverage. Third, op-
timization models rely on accurate historical OHCA 
data to identify optimal AED placements. Limited 
or low-quality data can negatively affect the perfor-
mance of the model. Although the spatial distribution 
of historical OHCA incidents has been shown to be 
stable over time,19,29 potential differences between 
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the historical OHCA data and future OHCAs may af-
fect the effectiveness of data-driven AED placement 
strategies. Utilizing up-to-date data in AED place-
ment models will help minimize potential bias in the 
historical data. Fourth, the set of candidate locations 
selected for AED placement were based on a grid 
system that included locations unattached to a spe-
cific building. In practice, suitability of locations for 
placing 24/7-accessible AEDs will depend on infra-
structure and population flows. Fifth, although our 
distance measurement reflects realistic pedestrian 
travel between AEDs and OHCAs, it does not con-
sider the vertical dimension. However, we believe this 
limitation to be minor because there are very few high 
rises in Copenhagen and because AED placement 
models can be extended to account for the vertical 
dimension.40

Parallel efforts to increase the probability of use 
of available AEDs will increase the benefit of optimal 
AED placement on patient outcomes.41 For example, 
bystander use of AEDs may be increased by inter-
ventions geared toward improving public awareness 
of AEDs, signage and visibility, AED registries, dis-
patcher-guided AED retrieval, and smartphone appli-
cations to facilitate crowdsourced AED delivery to the 
scene.42,43 Furthermore, establishing centralized deci-
sion-making systems that consider OHCA prevention, 
prediction, and response, in addition to AED place-
ment, can aid in increasing survival from OHCA.41,44–46 
These systems may also facilitate the integration of 
novel technologies, such as drone delivery of AEDs47,48 
and the aforementioned smartphone applications 
that support bystander responders,42,43 to further im-
prove OHCA outcomes in combination with static AED 
placement; there is a fundamental limit on the OHCA 
coverage that can be provided by static AEDs.49 This 
article contributes to the development of such a sys-
tem by demonstrating that optimization is an effective 
means of designing AED networks. Next steps should 
be to develop and evaluate real-world implementation 
of optimization-based placement strategies.

CONCLUSIONS
Optimized AED placements increased OHCA cover-
age from 15.8% to 24.2% of all OHCAs (53.4% rela-
tive increase) compared with the same number of 
AEDs placed according to a guidelines-based place-
ment strategy in a computer-simulated clinical trial in 
Copenhagen, Denmark. This increase in OHCA cov-
erage was associated with statistically significant in-
creases in estimated bystander defibrillation, from 
15.6% to 18.2%, and 30-day survival, from 32.6% to 
34.0%. Optimization also has the potential to increase 
cost-effectiveness of AED placements because our 

findings suggest that an equivalent coverage level 
provided by the real AEDs in Copenhagen could have 
been achieved with a 15-times reduction in AEDs 
placed by optimization.
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Supplemental Methods 

 

Data S1. Automated external defibrillator (AED) placement optimization model 

The previously developed and validated mathematical optimization model17 used in the 

study is described below. Overall, the model aims to maximize the number of covered historical 

OHCAs given the model inputs and constraints outlined as follows: 

• 𝑧𝑖 is a binary variable indicating whether cardiac arrest i is covered 

• 𝑥𝑗 is a binary variable indicating whether an AED is placed in location j 

• 𝑎𝑖𝑗 is a binary data parameter that indicates whether cardiac arrest i can be covered by an 

AED placement at location j. OHCAs that can be covered are defined following the 

OHCA coverage definition used (e.g. within 100m of an accessible AED), as well as 

those not already covered by an existing AED.  

• 𝑁 is the number of AEDs that are to be placed 

• 𝐽 is the number of candidate locations to place an AED at  

• 𝐼 is the number of cardiac arrests that can be covered 

 

Maximize ∑ 𝑧𝑖
𝐼
𝑖=1  

Subject to ∑ 𝑥𝑗
𝐽
𝑗=1 ≤ 𝑁 

   𝑧𝑖 ≤ ∑ 𝑎𝑖𝑗𝑥𝑗
𝐽
𝑗=1 , for all 𝑖 = 1, … , 𝐼 

    𝑧𝑖  ∈ {0,1}, for all 𝑖 = 1, … , 𝐼 

   𝑥𝑗  ∈ {0,1}, for all 𝑗 = 1, … , 𝐽 

  

Model inputs: 

• Candidate AED locations: Locations to place an AED at (e.g., locations based on a grid 

system spanning the setting of use, a set of businesses and public locations of interest in 

the setting of use, etc.). 

• Existing AED locations: Locations with an AED already placed in the setting of use that 

provide coverage to historical OHCAs.  

• Historical OHCAs: The locations of the historical OHCAs in the setting of use.  

• Model Parameter N: A user-defined parameter indicating the number of AEDs to place 

in the setting of use. 

 

Model outputs: 

• Selected candidate locations for AED placement: The N candidate locations that 

comprise/are added to an AED network that maximizes OHCA coverage of historical 

OHCAs. 

• Covered OHCAs: The set of historical OHCAs covered by the selected candidate AED 

locations and existing AED locations. 
 

Data S2. Out-of-hospital cardiac arrest (OHCA) coverage sensitivity analysis 

We conducted a sensitivity analysis to examine the stability of the results to the sequence 

of OHCA events over the study period. To do this, the location of each OHCA that occurred 

during the study period was randomly permuted, while the date and time of each OHCA event 
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were kept the same as the actual sequence. This allowed for the total number of OHCA events in 

each time period to be the same in the permuted and actual sequence of OHCAs. For each 

permutation we assessed the controls and interventions by calculating the OHCA coverage, 

percent coverage, coverage efficiency, and coverage gain. We performed the sensitivity analysis 

using 10 permutations and generated 95% confidence intervals (CIs) and mean values for the 

results. Bystander defibrillation and 30-day survival were also estimated based on these coverage 

results. The mean values and 95% CIs were calculated for each estimated outcome across the 10 

permutations. 

 

Data S3. Prediction model design and selection for patient outcome estimation 

Data preprocessing and patient outcomes estimation: 

To estimate the increase in bystander defibrillation and 30-day survival due to OHCA 

coverage, we developed two multivariate logistic regression models. To do so, each model was 

fit on the historical OHCA coverage values from the real AEDs, and historical OHCA values for 

the Utstein variables: age, sex, response time, bystander witnessed, and bystander CPR. Missing 

predictor variable values in the OHCA dataset were imputed using the median of non-missing 

historical values. An additional predictor variable was added to the data set to indicate which 

cases had a missing value imputed, as well as the variable for which a value was imputed. 

OHCAs with missing outcome variables were excluded. 

For the estimates of bystander defibrillation and 30-day survival, we used all OHCAs in 

the study period (January 2008 – December 2016) with no missing outcome variable values to fit 

the prediction models. For bystander defibrillation, a total of 645 of 653 OHCAs were used to fit 

the models, of which, 575 OHCAs had no missing predictor values (the remaining 70 OHCAs 

had at least one imputed predictor value). For 30-day survival, a total of 594 of 653 OHCAs 

were used to fit the models (551 OHCAs had no missing predictor values; 43 OHCAs had at 

least one imputed predictor value). 

 

Prediction model discriminant threshold calibration: 

The discriminant thresholds for the two models when predicting OHCA outcomes were 

set to 0.21 for the bystander defibrillation model, and 0.43 for the 30-day survival model such 

that the percentage of predicted outcomes matched the percentage of historical outcomes. After 

calibration, the models predicted outcomes within 0.1 percentage points of actual outcomes 

(Table S1). 

 

Data S4. Spline regression model to assess sensitivity of estimated patient outcomes 

Regression model development: 

Two spline regressions models were developed to estimate the increase in bystander 

defibrillation and 30-day survival based on distance of an OHCA to the nearest available AED as 

a robustness check for the estimates generated using OHCA coverage and the logistic regression 

models. Following the same methodology used to train the logistic regression models, the spline 

models were fit using the historical distances of OHCAs to the nearest available real AED 

(instead of OHCA coverage) as well as the processed Utstein variables. The distances to the 

nearest AED used to train the models were calculated up to 300 m (route distance). OHCAs 
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more than 300 m away from the nearest available AED were set to have a distance 300 m. A 

binary predictor variable was also developed and used in the model to indicate which OHCAs 

were more than 300 m away from an AED. 

 The number of knots in the final spline models were selected based on a grid search 

parameter tuning approach, where the knots and locations corresponding to the highest out-of-

sample AUC calculated through 10-fold cross validation were selected for use. The grid search 

process considered models with the number of knots used ranging from two to five, where the 

knots were located at equally spaced percentiles of the distances to the nearest AEDs (e.g., for 

three knots, the 25th, 50th, and 75th percentiles were used), as well as with two to five knots 

located at the 5th and 95th percentiles with any remaining knots spaced equally between those 

percentiles (e.g., for three knots, the 5th, 50th, and 95th percentiles were used). In summary, a total 

of eight models were considered during this process.  

 

Estimated patient outcomes: 

 The final bystander defibrillation spline model had five equally spaced knots spanning 

the percentiles of the distances to the nearest AED (i.e., knots located at the 16.6th, 33.3rd etc. 

percentiles of the distances to the nearest AEDs). The 30-day survival spline model had two 

equally spaced knots located at the 33rd and 66th percentiles of the distances to the nearest AED. 

The AUCs of the cubic spline regression model for bystander defibrillation and 30-day survival 

were 0.70 (95% CI: 0.65-0.75) and 0.744 (95% CI: 0.692-0.797), respectively. These were 

slightly higher compared the logistic regression models using coverage as a predictor variable, 

which had an AUC of 0.69 (95% CI: 0.64-0.73) and 0.736 (95% CI: 0.668-0.803) for bystander 

defibrillation and 30-day survival, respectively. The discriminant thresholds for the two spline 

models set to 0.34 for the bystander defibrillation model, and 0.60 for the 30-day survival model 

such that the percent of predicted outcomes closely matched the percent of historical outcomes.  

The models estimated increases in bystander defibrillation from 16.7% to 18.4% (relative 

increase of 10.1%; P=0.26) and from 31.4% to 36.8% (relative increase of 17.1%; P<0.001) in 

30-day survival from the intervention to the control across all 653 OHCAs. The spline regression 

models estimated larger relative increases in 30-day survival and smaller relative increases in 

bystander defibrillation compared to our original logistic regression models. Although the 

estimates differed, the coverage and spline-based distance models demonstrated the same 

directional effect that the intervention improved estimated outcomes compared to the control. 
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Table S1. Predicted bystander defibrillation and 30-day survival outcomes for all OHCAs 

 Real AEDs 

OHCAs, n (%) 

Actual Outcomes 

Jan. 2008 to Dec. 2016 

(n=653)* 

Predicted Outcomes 

Jan. 2008 to Dec. 2016 

(n=653) 

Bystander 

defibrillation 
94 (14.6) 95 (14.5) 

30-day survival 192 (32.3) 211 (32.3) 

*The number of missing values of the 653 OHCAs: bystander defibrillation is n=8; 30-day survival is 

n=59. 

AED=automated external defibrillator; OHCA=out-of-hospital cardiac arrest.  
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Table S2. Baseline characteristics the covered OHCAs in the primary analysis and real 

AEDs in Copenhagen during the study period (January 2008 - December 2016). This table 

summarizes historical characteristics of the covered OHCAs that were used as inputs to the 

regression models and does not reflect the increase in estimated patient outcomes or potential 

change in bystander behavior that stem from AEDs placed in either the guidelines control or 

optimization intervention. Therefore, the potential increase in the proportion of initial heart 

rhythm or bystander CPR, for example, that would be expected if an AED was placed in a 

guideline recommended or optimized location would not be seen in the table. 

OHCA characteristics 

OHCAs covered 

by real AED 

placements 

Jan. 2008 to 

Dec. 2016 

(n=94)* 

OHCAs covered 

in Control: 

AEDs at every 

bystander 

witnessed 

OHCA with 

24/7 availability 

Jan. 2008 to 

Dec. 2016 

(n=103)† 

OHCAs covered 

in Intervention: 

Optimal AED 

locations with 

24/7 availability 

Jan. 2008 to 

Dec. 2016 

(n=158)‡ 

P value between 

characteristics 

of covered 

OHCAs in each 

group§ 

Median age§, y (IQR) 62 (53 - 69) 65 (55 - 75) 64 (53 - 73) 0.234 

       Men§ 59 (53 - 68) 61 (53 - 71) 61 (51 - 70) 0.497 

       Women§ 69 (59 - 76) 80 (67 - 91) 75 (63 - 82) 0.270 

Male sex§, n (%) 70 (78.7) 77 (76.2) 117 (75.5) 0.851 

Shockable initial heart rhythm§, n (%)  52 (55.3) 48 (46.6) 73 (46.2) 0.329 

Bystander witnessed arrest§, n (%) 71 (77.2) 77 (77.0) 112 (73.2) 0.708 

Received bystander CPR§, n (%) 77 (83.7) 77 (77.0) 113 (73.4) 0.175 

 

*Number of missing values for variables available and described in OHCAs covered by Real AEDs: age 

(n=6), sex (n=5), Bystander witnessed arrest (n=2), Received bystander CPR (n=2).  
†Number of missing values for variables available and described in OHCAs covered in Control: age 

(n=5), sex (n=2), Bystander witnessed arrest (n=3), Received bystander CPR (n=3). 
‡Number of missing values for variables available and described in OHCAs covered in Intervention: age 

(n=8), sex (n=3), Bystander witnessed arrest (n=5), Received bystander CPR (n=4). 
§No significant differences were found between the characteristics of OHCAs covered by real AED 

placements, the control, and intervention based on one-way ANOVA (for age characteristics) and chi-

squared (for gender, initial heart rhythm, bystander witnessed and bystander CPR characteristics) tests.  

CPR=cardiopulmonary resuscitation; OHCA=out-of-hospital cardiac arrest. 
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Table S3. Robustness of OHCA coverage and percent coverage in the control placement 

strategy sensitivity analysis when permuting the order of OHCA incidents 

 

Number of AEDs placed in final network, 

N 
131 

C
o

n
tr

o
l 

OHCA coverage, n (95% CI) 30.0 (28.5-31.5) 

OHCA coverage, % (95% CI) 4.6 (4.4-4.8) 

Number of AEDs per covered OHCA 4.4 (4.2-4.6) 

In
te

r
v
e
n

ti
o

n
 

OHCA coverage, n (95% CI) 65.2 (59.7-70.7) 

OHCA coverage, % (95% CI) 10.0 (9.1-10.8) 

Number of AEDs per covered OHCA 2.1 (1.9-2.2) 

Coverage gain of intervention over control, % 118.2 (100.0-136.5) 

 

AED=automated external defibrillator; OHCA=out-of-hospital cardiac arrest. 
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Table S4. Baseline characteristics the covered OHCAs in the sensitivity analysis and real 

AEDs in Copenhagen during the study period (January 2008 - December 2016). This table 

summarizes historical characteristics of the covered OHCAs that were used as inputs to the 

regression models and does not reflect the increase in estimated patient outcomes or potential 

change in bystander behavior that stem from AEDs placed in either the guidelines control or 

optimization intervention. Therefore, the potential increase in the proportion of initial heart 

rhythm or bystander CPR, for example, that would be expected if an AED was placed in a 

guideline recommended or optimized location would not be seen in the table. 

OHCA characteristics  

OHCAs covered 

by real AED 

placements 

Jan. 2008 to 

Dec. 2016 

(n=94)* 

OHCAs covered 

in Control: 

AEDs at 

hotspots of 2 

bystander 

witnessed 

OHCAs with 

24/7 availability 

Jan. 2008 to 

Dec. 2016 

(n=33)† 

OHCAs covered 

in Intervention: 

Optimal AED 

locations with 

24/7 availability 

Jan. 2008 to 

Dec. 2016 

(n=60)‡ 

P value between 

characteristics 

of covered 

OHCAs in each 

group§ 

Median age§, y (IQR) 62 (53 - 69) 70 (60 - 77) 62 (52 - 73) 0.037 

       Men§ 59 (53 - 68) 67 (56 - 71) 60 (53 - 71) 0.339 

       Women§ 69 (59 - 76) 81 (80 - 84) 73 (44 - 80) 0.033 

Male sex§, n (%) 70 (78.7) 25 (75.8) 45 (77.6) 0.942 

Shockable initial heart rhythm§, n (%)  52 (55.3) 14 (42.4) 26 (43.3) 0.242 

Bystander witnessed arrest§, n (%) 71 (77.2) 26 (78.8) 41 (69.5) 0.487 

Received bystander CPR§, n (%) 77 (83.7) 31 (93.9) 46 (78.0) 0.138 

 

*Number of missing values for variables available and described in OHCAs covered by Real AEDs: age 

(n=6), sex (n=5), Bystander witnessed arrest (n=2), Received bystander CPR (n=2).  
†No missing values for variables of the OHCAs covered in Control 
‡Number of missing values for variables available and described in OHCAs covered in Intervention: age 

(n=5), sex (n=2), Bystander witnessed arrest (n=1), Received bystander CPR (n=1). 
§Significant differences were identified between the characteristics of OHCAs covered by real AED 

placements, the control, and intervention based on one-way ANOVA (for age characteristics) and chi-

squared (for gender, initial heart rhythm, bystander witnessed and bystander CPR characteristics) tests.  

CPR=cardiopulmonary resuscitation; OHCA=out-of-hospital cardiac arrest. 
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Figure S1. Robustness of OHCA coverage (A), estimated bystander defibrillation (B), and estimated 

30-day survival (C) over the 653 OHCAs during the study period for networks with between 50 and 

393 AEDs when permuting the order of OHCA incidents.   

 

 

The mean and corresponding 95% confidence intervals of the three outcomes over the 10 

permutations are shown for the control and intervention. AED=automated external defibrillator; 

OHCA=out-of-hospital cardiac arrest.  
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Figure S2. A visualization of the 393 AED placements in control (A) and intervention (B) at 

the end of the study period. 

 
The number of OHCAs covered for each AED is shown as a green gradient ranging from zero to 

four or more covered OHCAs. The AEDs placements are overlaid on a heat map of all OHCAs 

that occurred during the study period (Jan. 2008 – Dec. 2016). AED=automated external 

defibrillator; OHCA=out-of-hospital cardiac arrest. 
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Figure S3. The number of AEDs placed over the study period for the optimization approach 

(intervention), guidelines-based approach (control) in the primary analysis and sensitivity 

analysis, as well as for the real AED placements. 

 
AED=automated external defibrillator; OHCA=out-of-hospital cardiac arrest. 
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Figure S4. A visualization of the 131 AED placements in the control (A) and intervention 

(B) in the sensitivity analysis at the end of the study period. 

 
The number of OHCAs covered for each AED is shown as a green gradient ranging from zero to 

four or more covered OHCAs. The AEDs placements overlay a heatmap of all OHCAs that 

occurred during the study period (Jan. 2008 – Dec. 2016). AED=automated external defibrillator; 

OHCA=out-of-hospital cardiac arrest. 
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