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ABSTRACT

Automated external defibrillators (AEDs) have the potential to save
lives, but their placement is strongly correlated with their effec-
tiveness and can often be significantly improved. In New Zealand,
Maori and Pacific populations bear a disproportionately high out-
of-hospital cardiac arrest (OHCA) burden while receiving compara-
tively lower AED coverage. This study develops a general fairness-
aware AED placement optimization model implemented in Auck-
land that integrates both ethnic and socioeconomic dimensions
of inequality using the Atkinson social welfare framework. Using
meshblock-level OHCA demand estimates and a probabilistic cov-
erage function, the model is solved as a mixed-integer program
and evaluated through ten-fold cross-validation across four urban
zones and multiple budget scenarios. The results show that mean-
ingful reductions in coverage inequality can be achieved at modest
efficiency cost in dense urban areas, but that simply expanding the
AED network without explicit equity constraints does not reduce,
and may worsen, existing disparities. The proposed framework
gives policymakers a model for navigating the trade-off between
aggregate coverage and equitable access in PAD program design.

1 INTRODUCTION

Out-of-hospital cardiac arrest (OHCA) is a leading cause of mortal-
ity worldwide, with survival critically dependent on the speed of
intervention. Early cardiopulmonary resuscitation (CPR) and rapid
defibrillation with an automated external defibrillator (AED) are
the most effective pre-hospital interventions, capable of improving
survival rates by 50-75% when applied in time [11, 37, 52]. Pub-
lic access defibrillation (PAD) programs were introduced to bring
AEDs closer to the general public, yet their real-world impact has
remained limited. Despite the clinical efficacy of early defibrillation,
the proportion of OHCA victims receiving bystander AED defib-
rillation before emergency medical services (EMS) arrival remains
small [16]. A key driver of this gap is the spatial misalignhment
between where AEDs are placed and where cardiac arrests actually
occur [13].

The strategic placement of AEDs has therefore emerged as a crit-
ical research and policy challenge. Optimization-based approaches,
drawing on classical facility location models such as the maximal
covering location problem (MCLP), have demonstrated that data-
driven AED deployment can substantially improve OHCA coverage
compared to heuristic strategies [12, 14]. However, most existing
models optimize for coverage alone, without explicitly accounting
for whether coverage improvements are distributed equitably across
the population. In practice, this can lead to AED placements that
reinforce existing disparities: communities that already have better
access to health resources may benefit disproportionately, while
those with the highest OHCA incidence rates remain underserved.

These disparities are particularly pronounced in New Zealand,
where national registry data reveal significant ethnic and socioeco-
nomic inequities in OHCA incidence, bystander intervention rates,
and survival outcomes [22]. Maori and Pacific Peoples experience
markedly higher rates of cardiac arrest and lower rates of bystander
defibrillation compared to the European/other population, while
the existing distribution of publicly accessible AEDs does not reflect
this pattern of need. The most deprived communities, which have
the highest OHCA incidence rates, currently have fewer AEDs and
lower AED-to-OHCA ratios than less deprived areas.

Addressing these inequities requires moving beyond coverage
maximization as the sole objective. Fairness-aware optimization
frameworks from operations research, such as the Atkinson social
welfare function and the related a-fairness framework of Bertsimas
et al. [2, 8], provide a principled and mathematically grounded ap-
proach to embedding equity directly into optimization problems. By
parameterizing the degree of inequality aversion, these frameworks
allow for explicit control over the trade-off between total coverage
and equitable access across population subgroups. Despite their
potential relevance, no prior AED placement study has directly
incorporated fairness as an explicit optimization objective.

This study addresses this gap by developing a general equity-
aware AED placement optimization model, which is applied to
Auckland, New Zealand’s largest metropolitan area as a case study.
Methodologically, this work extends established facility location
models for AED deployment by incorporating multiple, context-
specific equity factors within existing mathematical and fairness-
aware optimization frameworks. Empirically, it examines how pri-
oritizing fairness influences overall system efficiency by analyzing
the trade-offs between equitable access to AEDs and total OHCA
coverage under different levels of inequality aversion. This allows
us to quantify how strongly fairness considerations affect the per-
formance of AED placement strategies in practice.

From a policy perspective, this study does not aim to prescribe
specific AED placement decisions. Rather, it seeks to provide an
analytical foundation that demonstrates how equity considerations
can be incorporated into optimization-based AED placement strate-
gies. By exploring the relationship between fairness and efficiency,
the study aims to contribute to an emerging perspective in which
equitable access is treated as an explicit design objective rather
than a secondary evaluation criterion. In doing so, it aims to serve
as a stepping stone for future research and policy discussions on
equitable AED deployment, illustrating that improving access for
historically underserved populations does not necessarily require
substantial sacrifices in overall coverage.

The remainder of this paper is structured as follows. Section 2
reviews the relevant literature on OHCA disparities, existing AED
placement models, and fairness-aware optimization frameworks.



Section 3 describes the data, the OHCA incidence estimation pro-
cedure, the probabilistic coverage model, and the equity-aware
optimization formulation. Section 4 presents the empirical results
across urban areas and budget scenarios. Lastly, Section 5 discusses
the findings, limitations, and directions for future research.

2 LITERATURE REVIEW

The time-sensitivity of OHCA survival has been extensively docu-
mented. Without intervention, the probability of a favourable neu-
rological outcome declines by approximately 10% per minute [5, 43].
This urgency underpins the clinical rationale for PAD programs
and motivates the body of research on optimal AED placement
reviewed in this section.

2.1 PAD programs

A public access defibrillation (PAD) program is a public health ini-
tiative originally initialized by the American Heart Association
designed to improve survival from sudden cardiac arrest by strate-
gically placing AEDs in communities and training lay rescuers
to use them before emergency medical services arrive [56]. More
PAD initiatives have since then launched globally to improve AED
availability and survival rates in OHCAs. Despite the demonstrated
effectiveness of early defibrillation, PAD programs have achieved
only limited impact in practice. Although PAD initiatives substan-
tially improve survival rates following OHCA when applied [4],
they are rarely used, with only a small proportion of victims receiv-
ing AED defibrillation before EMS arrival [16]. This gap between
clinical efficacy and real-world effectiveness highlights the impor-
tance of not only AED availability, but also their spatial accessibility
at the time and location of cardiac arrest.

Several factors contribute to the low utilization of public AEDs,
including limited public awareness, bystander hesitancy, and chal-
lenges in locating nearby devices during emergencies. Importantly,
an additional and potentially modifiable factor is the lack of system-
atic, data-driven guidance in determining where AEDs should be
placed [12]. Namely, even otherwise well-organized PAD programs
may fail to deliver timely defibrillation if AEDs are not located close
to cardiac arrest events. Consequently, the strategic placement of
AEDs emerges as a critical determinant of whether their life-saving
potential can be realized at the population level.

2.2 Disparities in OHCA and Access to AEDs

Even though AEDs can be life-saving to any individual, dispari-
ties in OHCA incidence, access to early defibrillation, and survival
outcomes have been observed across population groups and geo-
graphic regions in many countries. A recent systematic review by
Van Nieuwenhuizen et al. (2019) shows that socioeconomic and
demographic factors consistently influence OHCA outcomes and ac-
cess to public-access defibrillation across many different countries
and health systems [54]. Within this broader international context,
national registry data from New Zealand reveal substantial differ-
ences in both the incidence of OHCA and survival outcomes across
ethnic and geographic groups, highlighting important inequities in
pre-hospital care systems [22].

Using data from the St. John New Zealand OHCA registry, Dicker
et al. (2019) provided a national overview of OHCA incidence and

outcomes for approximately 90% of the New Zealand population.
The study reported an overall age-adjusted incidence of 105.0 OHCA
events per 100,000 person-years during the study period. Among
events where resuscitation was attempted by EMS, 30-day survival
was 16.7%. However, these aggregate figures mask pronounced
disparities. Compared to the European/Others group, Maori and
Pacific Peoples experienced significantly higher age-adjusted inci-
dence rates (Maori: 144.4; Pacific Peoples: 113.5; European/Others:
93.8 per 100,000 person-years). Both Maori (adjusted OR 0.61, 95%
CI 0.48—-0.78, p < 0.001) and Pacific Peoples (adjusted OR 0.52, 95%
CI 0.37-0.72, p < 0.001) had significantly lower adjusted odds of
survival to 30 days compared to European/Others, even after adjust-
ment for key clinical and situational factors. Moreover, there was a
significantly lower usage rate of defibrillators in Maori communities
(8.2%) compared to European/Others communities (11.0%).

Importantly, the majority of OHCAs in New Zealand do not
occur in remote or sparsely populated areas but rather in relatively
crowded urban and residential environments, where timely defib-
rillation should, in principle, be feasible if AEDs are appropriately
located. Evidence from the same St. John New Zealand OHCA reg-
istry shows that around 73% of OHCASs occur in urban settings, with
a substantial proportion taking place in metropolitan areas such as
Auckland [18]. Similarly, Dicker et al. reported that the majority of
resuscitation-attempted OHCAs occurred in residential locations,
rather than public or rural settings, underscoring that population
density alone does not guarantee access to early defibrillation [22].

However, the predominance of OHCAs in residential settings
does introduce another challenge. Many cardiac arrests occur inside
private homes, where the presence of bystanders capable of retriev-
ing and using an AED may be limited. Moreover, the response
time of EMS often rivals bystander intervention, with defibrillation
occurring before EMS arrival in only 8% of OHCAs [18]. This im-
plies that even optimal AED placement cannot guarantee timely
defibrillation in all cases.

The observed ethnic disparities in OHCA incidence, survival,
and community defibrillation rates are not merely coincidental,
but are closely linked to broader social determinants of health, in-
cluding socioeconomic status, neighborhood characteristics, and
access to health-promoting resources. In New Zealand, Maori and
Pacific Peoples are disproportionately represented in areas of higher
socioeconomic deprivation, a pattern that has been consistently
associated with elevated cardiovascular risk and poorer health out-
comes [22]. Both international and national evidence indicates that
neighborhoods with higher levels of socioeconomic deprivation
exhibit systematically lower rates of bystander intervention, includ-
ing CPR and public-access defibrillation, even after accounting for
differences in OHCA incidence [42, 50, 54].

The OHCA incidence rate as reported by the New Zealand na-
tional OHCA registry (Figure 7 [21]) has shown that the incidence
rate of OHCAs is unevenly distributed across deprivation quintiles
in New Zealand; with the most deprived quintile (Q5) having an
incidence rate that is more than two times higher than the inci-
dence rate of the least deprived quintile (Q1). Critically, the current
distribution of publicly accessible AEDs does not reflect this pat-
tern of need, but rather exhibits an inverse relationship. As Table 7
demonstrates, while OHCA incidence increases with deprivation,
the number of existing AEDs in these deprivated areas does not



grow proportionally. The most deprived quintile, with the highest
OHCA burden, actually possesses fewer AEDs (613) than Q3 and Q4
(635 and 677 respectively), resulting in a substantially smaller AED-
to-OHCA ratio in the meshblocks/communities that need them
most. Table 8 reinforces this disparity from an ethnic perspective,
revealing that the rate of AEDs per 100,000 persons is lowest for the
Maori population (134.9), which controversially bears the highest
OHCA burden, compared to the European/other group (162.8). This
empirical evidence of misalignment between high OHCA burden
among deprived areas and Maori and Pacific populations, and the
current inequitable distribution of AEDs, provides the foundational
motivation for this study. While a purely utilitarian optimization
approach is known to improve overall coverage in high-burden
areas such as the higher quintiles [30], it does not inherently guar-
antee an equitable distribution. Our aim is to move beyond using
equity merely as a post-hoc metric of success, and instead integrate
both equity and coverage into a formal optimization objective. This
allows us to investigate allocation strategies that maximize the
number of OHCA events covered while simultaneously ensuring
equitable access.

This question of how to balance coverage and equity in AED
placement emerges from a broader recognition within the literature
that significant disparities in public access defibrillation exist. In
New Zealand, most OHCAs occur in residential areas where timely
defibrillation is theoretically possible through bystander interven-
tion. However, studies have consistently shown that communities
with higher levels of socioeconomic deprivation and larger Maori
and Pacific populations experience higher rates of cardiac arrest
but lower rates of bystander defibrillation and, often, poorer AED
coverage [20, 22]. These disparities in access and outcomes sug-
gest that improving overall survival will require more than just
increasing the total number of AEDs. Rather, future AED placement
strategies may need to be designed to directly address these spatial
and social inequities.

2.3 Current models

In response to the limited real-world effectiveness of these PAD
programs, a growing body of research has sought to identify strate-
gies for improving the placement of AEDs. Early efforts to guide
public AED deployment relied primarily on heuristic or descriptive
approaches rather than formal optimization frameworks.

One common strategy was using historical OHCA data to iden-
tify high-risk locations or recurrent cardiac arrest sites, under the
implicit assumption that future events would follow similar spa-
tial patterns [51]. By concentrating AEDs in areas with previously
observed clusters of cardiac arrests, these approaches aimed to in-
crease the likelihood that an AED would be located near a future
OHCA event.

Similar studies focused on deploying AEDs in locations char-
acterized by high foot traffic, such as casinos, airports, and sports
venues, emphasizing accessibility and visibility rather than system-
atic coverage analysis [11, 40, 52]. While such placements were
intuitive and logistically convenient, they largely overlooked the
substantial proportion of OHCAs occurring in residential settings
and the fact that identifying such high-risk locations is not gener-
alizable and very much dependent on the studied cities [14, 57].

Additional work employed fixed distance or time thresholds
to guide AED deployment, aiming to ensure availability within a
predefined response, such as a three-minute walking distance or a
maximum distance of 100 meters [28, 55]. Although these thresholds
were supported medically and the observed survival does indeed
decline over time, they did not provide a mechanism for prioritizing
among multiple candidate locations or for systematically balancing
competing placement objectives like budget and coverage.

While these heuristic approaches represented an important step
toward data-informed AED placement, they are inherently limited.
They often overrely on "hotspots", are unable to combine multiple
objectives such as coverage, equity and accessibility, and often
interact poorly with operational constraints [10, 32].

Therefore, optimization has been used as a central tool in mod-
eling these location problems, including the application in AED
placement. Classical models such as the set covering location prob-
lem (SCLP) [39] and the MCLP [15] have been widely used to deter-
mine facility locations under resource constraints. In the context
of AED placement, these models aim to maximize the coverage of
historical OHCA locations within a predefined distance or response
time threshold and lay a foundation for all AED placement models
to come.

Building on this, literature has proposed extensions to these
models that better capture real-world scenarios. These extensions
suggest probabilistic service availability, multiple coverage require-
ments, and distance-dependent effectiveness to reflect declining
response performance with increasing travel time [23, 26, 29]. Such
extensions are particularly relevant for AED placement, as the prob-
ability of successful defibrillation decreases sharply with delays in
retrieval and use.

These optimization models have increasingly been applied to
public AED deployment. Early applications focused on specific
or constrained environments, such as transport systems, indoor
facilities, or institutional settings, demonstrating the feasibility of
optimization-based AED placement in practice [17, 32]. Subsequent
studies showed that mathematically optimized AED placements
can substantially improve OHCA coverage compared to population-
based strategies and heuristics [12].

More recent work has highlighted the importance of accounting
for uncertainty in future cardiac arrest locations and variability
in bystander response. Robust and stochastic optimization frame-
works have been developed to address spatial uncertainty in de-
mand, while probabilistic coverage models allow multiple AEDs to
contribute to the coverage of a single event. These approaches re-
flect more realistic emergency response behavior and demonstrate
that mathematical optimization is a flexible and powerful method
for guiding AED deployment by modeling the environment as a
facility location problem [14, 46, 49].

Most optimization models in the AED placement literature aim to
maximize coverage, typically identifying locations corresponding to
previous OHCA events or “OHCA hotspots” [12, 14, 30, 32, 47, 48].
While this strategy improves overall coverage, it may inadvertently
undervalue equity across communities: by prioritizing areas with
historically high incident rates, these approaches provide compara-
tively less access to communities with fewer recorded events.

Only a limited number of studies have explicitly addressed equity
in AED access. Consequently, purely coverage-focused optimization



may disproportionately favor areas with higher population density
or historical OHCA incidence, potentially reinforcing existing dis-
parities in access to life-saving interventions. In the New Zealand
context, it is worth noting that a purely utilitarian approach would
improve AED access in the most deprived quintiles and thereby
reduce the current disparity between high and low deprivation
areas [30]. However, while such an approach may improve the
balance between OHCA incidences and AED accessibility, it does
not explicitly incorporate equity as an objective. Rather, it achieves
an AED distribution corresponding to the incidence rate, without
guaranteeing that the resulting allocation is equitable across all
communities, particularly from an ethnic or cultural perspective.

Equity considerations have, however, been incorporated in broader
facility location literature through multi-objective formulations
and fairness-centric objective functions. Marsh and Schilling (1994)
documented a range of equity measures in facility siting models,
emphasizing both the importance and complexity of integrating
fairness into optimization [33]. More recent work has proposed
frameworks that explicitly prioritize fairness, for example by mini-
mizing disparities between demand points or adopting max-min
fairness principles [36, 38]. Application-oriented studies in health-
care facility location further illustrate how efficiency and equity can
be balanced, for example using inequality measures such as the Gini
index or by explicitly optimizing accessibility for vulnerable popu-
lations [9, 24]. Despite these advances, the explicit incorporation of
social determinants such as ethnicity and socioeconomic status re-
mains limited in emergency response applications, including AED
placement.

Leung et al. (2021) represent a notable exception within AED
placement literature, treating equity as an evaluation metric of
their model [30]. Their results demonstrate that meaningful im-
provements in access for socioeconomically deprived areas can be
achieved while still showing significant improvements in overall
coverage. However, their model did not explicitly optimize for eq-
uity, meaning that any improvements in fairness were incidental
rather than intentional. This underscores that the trade-off between
efficiency and equity remains an important topic for investigation.
From a public health and policy perspective, such equity consid-
erations play a critical role because unequal access to AEDs may
reinforce existing geographic or demographic disparities in sur-
vival outcomes. Communities with fewer historical OHCAs may
still face substantial risk, and ensuring that these populations are
not systematically underserved is an important societal objective.
Consequently, decision makers may wish to consider allocation
strategies that balance overall coverage with a more equitable dis-
tribution of access.

Fairness-aware optimization frameworks from operations re-
search provide a systematic method to formalize this trade-off.
Atkinson [2] introduced an inequality aversion parameter ¢ > 0,
where higher values indicate greater concern for reducing inequal-
ity. In this framework, resource allocation decisions are made by
maximizing a social welfare function that aggregates the utility re-
ceived by different groups, which in this study translates to OHCA
coverage by AEDs. The welfare function is parameterized by a single
inequality-aversion parameter ¢, which determines how strongly
disparities in utility across groups are penalized. Formally, the
framework maximizes a constant-elasticity welfare function of the

utilities of each group, where the curvature of the function increases
with ¢. This concavity implies diminishing marginal welfare gains
for groups that already receive high utility, meaning that improve-
ments for disadvantaged groups contribute more to the overall
objective than equal improvements for already well-served groups.

By adjusting ¢, the decision maker can explicitly control the
balance between efficiency and equity. When ¢ = 0, the objective
reduces to the utilitarian framework that maximizes total coverage
without regard to distribution. When ¢ = 1, the solution corre-
sponds to proportional fairness (the geometric mean), while as
& — oo the allocation converges to a max-min fairness solution
that prioritizes improving outcomes for the worst-off group.

This framework has proven to be very influential and was later
adapted by Bertsimas et al. [8] in their work on the a-fairness frame-
work for resource allocation. While Atkinson’s original formulation
focused on measuring inequality in social welfare contexts, Bertsi-
mas et al. embedded the same mathematical structure directly into
optimization problems with explicit resource constraints, coining
the term a-fairness where « plays an identical role to Atkinson’s ¢
[7].

Together, these inequality aversion frameworks provide inter-
pretable models to explore the trade-off between efficiency and
equity in resource allocation problems. In the context of AED place-
ment optimization, these frameworks are particularly valuable be-
cause it enables policymakers to evaluate how prioritizing equitable
access across different population subgroups affects overall OHCA
coverage, and select an allocation that aligns with societal prefer-
ences for health inequality reduction.

2.4 Contributions

This study contributes to the literature on PAD programs and facil-
ity location optimization by developing a general AED placement
model that can incorporate equity considerations, which in this
application are specified in terms of ethnic and socioeconomic dis-
parities in OHCA risk and access to early defibrillation. While prior
optimization-based approaches have demonstrated the effective-
ness of data-driven AED deployment, they have largely focused on
maximizing coverage or efficiency, with limited attention to equity
across population subgroups. Existing fairness- or equity-aware
models typically incorporate socioeconomic deprivation but do not
consider ethnicity as a distinct and potentially interacting factor
[30]. Moreover, these models often treat equity as an evaluation
metric rather than embedding it directly into the optimization, leav-
ing the trade-offs between overall coverage and fairness largely
unexplored.

Using Auckland as a case study, where robust OHCA registry
data show significant ethnic differences in incidence, bystander
intervention, and survival outcomes, this research develops a new
optimization model that integrates both socioeconomic and ethnic
landscapes into AED placement decisions. To operationalize equity
within the optimization, we adopt the Atkinson (equivalently, a-
fairness) social welfare framework [2, 8] with an inequality aversion
parameter ¢ > 0, which allows for explicit control over the trade-off
between efficiency (total coverage) and equity (equitable access
across population groups). By embedding these factors directly
into the objective function, the proposed approach systematically



balances overall OHCA coverage with equitable AED access for
high-risk and historically underserved populations. This study ex-
tends this framework by incorporating group-based weights to
account for heterogeneous group sizes and the statistical precision
of coverage estimates, ensuring that the welfare function maintains
an individual-level interpretation despite aggregation to ethnic-
ity—deprivation groups.

Concluding, this study makes three specific contributions. First,
we extend the Atkinson-a-fairness social welfare framework to the
context of AED placement, demonstrating how inequality aversion
can be embedded directly into facility location optimization. Sec-
ond, we develop a population-weighted formulation that accounts
for both population size and estimation uncertainty across groups,
addressing a methodological gap in group-level equity analysis.
Third, we develop and apply an equity-aware optimization frame-
work to Auckland, using local OHCA incidence data, population
demographics, and existing AED infrastructure to guide placement
decisions, thereby providing policymakers with actionable insights
into the balance between efficiency and equity in PAD programs.

3 METHODOLOGY

This section presents the methods used in this study. It begins by
describing the data on Aucklands demographics, OHCA incidence,
and existing AED locations. We then introduce an innovative opti-
mization model that integrates probabilistic coverage and equity
considerations building on concepts from previous studies. Finally,
we outline the statistical validation of the model and the metrics
used to evaluate the resulting efficiency-equity trade-off.

3.1 Study setting

This study was conducted at meshblock level using spatial and de-
mographic data obtained from Statistics New Zealand. Meshblocks
are the smallest geographic units at which census data are collected
nationwide in New Zealand and therefore provide the highest avail-
able spatial resolution for population-level analysis. Meshblocks
typically contain between 60 and 120 residents, with an average of
94 residents per meshblock.

The analysis will only focus on Auckland, New Zealand’s largest
metropolitan area, which contains approximately a third of the
country’s population. More precisely, the study will focus on Central-
, Northern-, Southern- and Western Auckland zone, which are
Urban Areas in Auckland shown in Figure 1. These zones will be ab-
breviated as CAZ, NAZ, SAZ, and WAZ, respectively. This decision
is motivated by several considerations. First, the region accounts for
a substantial proportion of national AED deployments, resulting in
a higher density of existing devices compared to rural areas. Second,
these urban areas have a high population density and geographic
concentration of cardiac arrest events, which makes them suitable
for evaluating spatial accessibility and equity in AED placement.
Analyzing New Zealand as a whole would result in an unnecessar-
ily large optimization model with over 40,000 meshblocks, many
of which are sparsely populated rural areas with few AEDs and
few OHCA incidences. By narrowing the scope to Auckland, the
analysis can focus on the region where AED placement decisions
have the greatest potential impact on population health outcomes.

Figure 1: Urban areas in Auckland

Auckland Meshblocks by Urban Area

1 Auckiand Zone

Meshblocks serve as demand nodes in such analyses when we
look at it from a facility location problem perspective. Each mesh-
block represents a geographically defined population cluster to
which potential cardiac arrest demand is assigned. Using the small-
est available census unit ensures that demand is represented at the
highest possible spatial resolution.

If demand were aggregated at a coarser geographic level, such
as territorial authorities or larger census areas, local variations
in population density and socioeconomic composition would be
obscured and could lead to oversimplification and errors that are not
negligible [59]. By modeling each meshblock as a separate demand
point, the optimization model can more accurately capture how
local differences influence optimal AED placement.

This study will use data on the ethnic, demographic and socioe-
conomic characterstics for each meshblock and were gathered from
the 2013 Census and provided by Statistics New Zealand. For this
research, data from 2013 will be sufficient, as previous studies have
shown that the incidence and geographic distribution of OHCAs
remain stable over time [14, 34, 41, 58]. Moreover, the estimates of
ethnic proportions in Auckland remains relatively stable over years
[45]. This temporal stability implies that patterns observed in the
2013 census data are unlikely to differ substantially from current
incidence patterns. Consequently, findings based on this data are
likely applicable to present-day decision-making in PAD programs
and other organized AED placement efforts.

Socioeconomic status was measured using the NZDep2013 depri-
vation index, which classifies meshblocks into an ordinal scale rang-
ing from 1 (least deprived) to 10 (most deprived) [3]. The deprivation
index combines nine aspects from the 2013 census data including
income, employment, housing conditions, and access to transport
and communication to reflect eight dimensions of deprivation. To
facilitate comparison with the national health statistics published
in New Zealand’s annual reports, which present incidence rates by
deprivation quintile rather than decile, the NZDep2013 deciles were
aggregated into quintiles. A visual representation of meshblocks
in Auckland and their corresponding deprivation quintile can be
found in Figure 2.



Figure 2: NZDep2013 deprivation quintile per meshblock

NZDep2013 Deprivation Levels by Meshblock

L LA

Deprivation Level

In addition to socioeconomic status, ethnicity distributions were
obtained at meshblock level, including the number of individuals
identifying as European, Maori, Pacific Peoples, Asian, and Middle
Eastern/Latin American/African (MELAA). As stated in Dicker et
al. (2019) [22], Asian patients made up less than 5% of the OHCA
registry data, which is the reason for this group to be included in
the European/Others group. Moreover, the MELAA community
contains only about 1% of the New Zealand population and are
therefore also included in the European/Others cohort. The depri-
vation index and the ethnic composition of each meshblock enable
the evaluation of equity in spatial accessibility of AEDs across
socioeconomic and ethnic subpopulations.

3.2 OHCA Incidence Estimation on meshblock
level

The primary outcome of this study is the coverage of OHCA inci-
dences across New Zealand. Because individual-level OHCA events
are not publicly available at meshblock resolution due to privacy
constraints, expected OHCA demand was simulated using demo-
graphic data and published incidence rates. Population counts at
meshblock level were available separately by age group, ethnicity,
and sex, but not jointly for the full age X ethnicity X sex cross-
classification. To approximate the number of individuals in each
demographic category within meshblock i, proportional allocation
was applied. Let P; ; denote the number of residents in age group
a, P; . the number in ethnicity e, P; s the number in sex category s,
and P; the total population of meshblock i. The estimated number
of individuals in category (a, e, s) was approximated as:

Pi,a,e,s = Pi,a X l%f X l%’ls

This approach assumes independence between age, ethnicity, and
sex within each meshblock. Although this assumption may not hold
exactly, it allows us to construct the most detailed picture possible
from the available aggregated data, while remaining consistent
with the observed marginal totals.

Age- and ethnicity-specific OHCA incidence rates (per 100,000
person-years) as well as incidence rates stratisfied by sex and eth-
nicity were obtained from Dicker et al. (2019) [22]. The sum of these

age-specific rates equals the crude incidence rate for each ethnic
group. However, sex specific incidence rates were not reported
jointly by age and ethnicity. Therefore, to derive incidenre rates
for each age X ethnicity X sex category, the age-adjusted male and
female incidence rates were used to construct proportional scaling
factors. For each ethnicity e, let r™¢ and rfema denote the pub-

lished age-adjusted incidence rates stratisfied by sex and ethnicity.
The sex-specific scaling factors were then calculated by:

r‘rznale
Me = W) Fe =1- Me

These factors redistribute cases proportionally according to the
observed male-to-female incidence ratio for all ethnicities. Note
that it is assumed that the male-to-female ratio is equal for all
age-groups.

To estimate OHCA cases at meshblock level, we multiply the
estimated population for each age group X ethnicity X sex category
(Pi.q.e.s) by the corresponding incidence rate. However, preliminary
calculations revealed that using the estimated rates directly yielded
only one-twelfth of the expected total OHCA incidence. This dis-
crepancy arises because the published rates, when summed across
the six age groups and the two sex categories, produce the crude in-
cidence rate. Therefore, to obtain a valid estimation of the incidence
rate for small-area estimation, each rate must be multiplied by the
number of age groups (6) and the number of sex categories (2).
This adjustment ensures that the average rate across all age groups
matches the overall crude incidence rate per ethnicity, preserving
the total expected OHCA count in our meshblock-level estimates.
These rates can be interpreted as the expected annual number of
OHCAs per 100,000 individuals in demographic group (g, e, s).

This estimation approach relies on two key assumptions. First,
we assume that within each meshblock, age, sex, and ethnicity are
independently distributed. Second, we assume that the male-to-
female incidence ratio is constant across all age groups within each
ethnicity. These assumptions introduce some degree of uncertainty
into the estimated incidence rates. However, they are necessary
to reconcile the published incidence rates with the aggregated
population data available at meshblock level.

Alternative approaches such as assuming uniform incidence
across all demographic subgroups or applying national incidence
rates would fail to capture the known disparities in OHCA risk
across ethnic and socioeconomic groups. Such coarse approxima-
tions would effectively smooth over the very heterogeneity we
aim to examine. By contrast, our approach preserves the marginal
distributions from the literature and introduces these demographic
variations into the simulated OHCA events. The objective is not
to predict individual OHCA events with perfect accuracy, as car-
diac arrests are inherently stochastic, but rather to generate plausi-
ble small-area estimates that reflect the underlying heterogeneity
across subgroups. This allows us to investigate how different AED
placement strategies perform when tested against a heteregeneic
distribution of OHCA events.

Let rge s denote these final estimated incidence rate per 100,000
population and P;,. s the estimated population in meshblock i
belonging to demographic group (a, e, s). The expected number of
annual OHCAs in meshblock i is then given by:
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where ¢g4(;) is a deprivation-specific correction factor applied
based on the NZDep2013 quintile g(i) of meshblock i. These cor-
rection factors were derived by comparing simulated quintile-level
incidence rates with published deprivation-specific OHCA rates
(Figure 7 [21]) and computing correction factors to align the sim-
ulated distribution across different deprivation quintiles with the
reported deprivation quintiles. The correction factors can be found
in Table 1. This adjustment is essential because OHCA incidence
is known to vary systematically with socioeconomic deprivation,
with higher rates observed in more deprived areas [20]. By incorpo-
rating this deprivation gradient, the model accounts for the residual
spatial variation in OHCA risk not captured by demographic com-
position alone. This ensures that the estimated case counts at the
meshblock level reflect not only the age, ethnicity, and sex structure
of the local population but also the broader socioeconomic context
in which individuals live

Table 1: Deprivation quintile correction factors

Deprivation quintile Correction factor

01 0.5577
Q2 0.8297
03 0.9477
Q4 1.1489
Q5 1.4376

The quantity D; represents the expected annual OHCA demand
in meshblock i. Aggregating D; across meshblocks yields total ex-
pected national incidence. Based on the age, sex, ethnicity, and
deprivation information incorporated into the model, the total es-
timated OHCA incidence is 1,333 cases. Given a total population
of 1,224,900 this corresponds to an overall incidence rate of 108.8
per 100,000 person-years. This estimate closely aligns with the pub-
lished incidence rates from the St. John Registry [19], providing
validation for the model’s underlying assumptions. The difference
can be attributed to the application of the deprivation-specific cor-
rection factors that systematically adjusts incidence upward or
downward depending on the socioeconomic profile of each mesh-
block.

These estimated annual incidence values D; serve as the input pa-
rameters for the spatial OHCA event simulation model. Specifically,
each meshblock i is modeled as an independent Poisson process
with rate parameter A; = D;, representing the expected number of
OHCA events per year in that meshblock. For a given simulation
horizon (e.g., one year), the number of events in meshblock i is
sampled from a Poisson distribution with mean A;. Once we have
simulated how many events occur in a given meshblock, we place
them randomly within its boundaries.

The Poisson distribution is a statistically validated model for
OHCA events. Research by Skogvoll and Lindqvist (1999) [44] con-
firms that OHCA events align with the criteria for a Poisson pro-
cess: the events are independent of one another, the time intervals

between them follow an exponential distribution, and their occur-
rence over a fixed period can be accurately described by the Poisson
distribution.

By assuming events are randomly located within each mesh-
block, we avoid making arbitrary assumptions about exactly where
within a neighborhood an OHCA might occur. Since meshblocks
are already small geographic areas and we lack more precise loca-
tion data, this randomly uniform placement within a meshblock is
the most neutral approach.

The end result of the OHCA simulation model is a set of events
that collectively match the expected totals, reflect the demographic
and deprivation patterns in the data, and provide the realistic spatial
variation needed to build a model that can optimize AED placement
for maximum coverage. Figure 3 shows the OHCA events for a
simulation of one year in New Zealand. Even though one simulation
year can be sensitive to randomness, the higher density of OHCA
events around Auckland and other metropoles in New Zealand is
clearly visible in the figure.

Figure 3: Poisson-based event simulation of OHCAs for 1
year in Auckland

+  OHCA events (n = 1370)

Full details of all deprivation quintile characteristics, ethnic
group compositions, and the final estimated incidence rates per
demographic category are provided in Appendix A.

3.3 Candidate AED locations

National AED registry data were obtained from AED locations
NZ ([1]) and cleaned to ensure spatial validity and internal consis-
tency. All locations are validated and projected using the NZTM2000
(EPSG:2193) coordinate system and all records with missing geo-
graphic coordinates or coordinates that fall outside of Auckland’s
boundaries were removed. Figure 4 presents the distribution of
AED locations across Auckland.

Each AED was assigned to a meshblock using a two-stage spatial
matching procedure. First, AED locations were matched to mesh-
blocks based on strict spatial containment. For AEDs not falling
exactly within a meshblock polygon, most often due to minor geo-
graphic inaccuracies, a nearest-neighbour assignment was applied,



linking each such AED to its closest meshblock. This ensured that
every AED was uniquely associated with exactly one meshblock.
AED counts were subsequently aggregated at the meshblock level,
and the distribution of meshblocks is shown in Figure 5. In addition
to these, 8,949 meshblocks contained no AEDs. The meshblock with
the highest concentration of AEDs is located at Auckland Airport,
containing 67 AEDs; however, this meshblock was removed as its
population was zero. All other meshblocks with a population lower
than their AED count were also removed from analysis (n = 7).
Removing these meshblocks is consistent with previous literature
[53].

For each meshblock, a grid-based sampling approach is used. A
uniform mesh of 100-meter by 100-meter squares is overlaid across
the entire bounding box that encloses the meshblock’s irregular
shape. The generation of this grid begins at the minimum coordinate
boundary of the meshblock and proceeds in increments of 100
meters in both the x and y directions until the maximum boundary
is reached. From this grid, candidate points are derived by taking
the center, or centroid, of each individual grid cell. All centroids
located outside the meshblock’s territory are discarded.

The choice of 100-meter resolution is motivated primarily by
computational tractability, while remaining consistent with recent
theoretical findings on optimal AED spacing. Finer resolutions, such
as 50-meter grid cells, would quadratically increase the number of
potential AED locations, rendering the optimization problems com-
putationally infeasible at a larger scale. However, this 100-meter
grid must also be fine enough to find solutions that approximate
continuous-space optima. Lin et al. [31] demonstrate that the opti-
mal distance between AEDs in a linear space is approximately 134
metres, assuming a brisk walking speed of 4 km/h and a one-minute
target for AED acquisition. A 100-meter grid resolution ensures
that any two AEDs placed in adjacent cells are spaced at a distance
reasonably aligned with this theoretical optimum, while a coarser
resolution would risk undershooting the coverage potential implied
by these findings. Thus, the chosen resolution balances the need
for computational feasibility with the ability to capture placement
strategies that approximate theoretically optimal configurations.

Moreover, to reduce computation time, all meshblocks with an
area bigger than 10km? were removed (n = 21) because these large
meshblocks predominantly correspond to sparsely populated or

Figure 4: Auckland AED registry data from AED locations
Nz

Figure 5: Histogram of the number of meshblocks for each
AED count
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non-residential areas and would otherwise generate an excessive
number of candidate locations.

The existing AED deployment serves as a baseline against which
the optimization model is evaluated. After establishing that the
optimization model outperforms the current configuration, we are
able to extend the analysis to assess the incremental impact of
adding N new AEDs at candidate locations, evaluating both cov-
erage and equity improvements. This candidate-based approach
divides the study area into a spatially uniform and computation-
ally tractable grid of potential AED locations, which preserves
meshblock boundaries and reflects the underlying population dis-
tribution. The resulting candidate set defines the feasible decision
space for the AED placement optimization model, which maximizes
coverage of simulated OHCA events. An example of this candidate
grid and the corresponding current AED deployment is shown in
Figure 6.

Figure 6: A ward in Central Auckland with the candidate
AED locations and the existing registered AEDs.

Central Auckland: Existing AEDs and candidate locations
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3.4 Probabilistic coverage

AED placement to cover OHCA events can be formulated as a Max-
imum Covering Location Problem (MCLP), originally introduced
by Church and ReVelle (1974) [15]. In its classical formulation, the
MCLP seeks to locate a fixed number K facilities such that the total



covered demand is maximized. Coverage is defined in binary terms:
a demand point is considered covered if it lies within a predefined
service radius of at least one facility, and uncovered otherwise.

However, Chan et al. (2016) [14] reasoned that covering OHCA
events with AEDs can be modelled with a more realistic approach
that accounts for the negative relationship between distance and
the likelihood of successful deployment of an AED. Their approach
uses a nonincreasing coverage function, where the probability of
coverage decreases as an AED is located further away from a car-
diac arrest. We adopt such a probabilistic coverage function that is
consistent with this principle.

Let p;; denote the probability that an OHCA event i is covered
by an AED located at j. Coverage is defined using a piecewise
exponential decay function:

1, d;j < 20,
pij = yexp(—a(dij — 20)), 20 < d;; < 100,
0, dij > 100,

where distances are measured in metres and & > 0 is a parameter
that determines how rapidly the coverage declines. Consistent with
the approach in Chan et al. (2016) [14], we set & = 0.05 to reflect a
reasonably fast decay. Full coverage is assumed within 20 metres,
reflecting the average line of sight. Between 20 and 100 metres,
the probability of effective AED use decreases exponentially with
distance, capturing the challenges of finding and retrieving the
device. Beyond 100 metres, coverage is assumed negligible and set
to zero, aligning with the diminishing likelihood of a bystander
retrieving an AED from such a distance in a timely manner [4].

To integrate the coverage function into the final optimization
model, we adopt the single-responder best-case formulation pro-
posed by Chan et al. (2016) [14]. This specification assumes that
exactly one bystander retrieves an AED and selects the closest
available device. Accordingly, the probability that cardiac arrest j
is covered is defined as

i(z) = max z;j,
fiz) ier

where z;; denotes the coverage probability of cardiac arrest j
by an AED located at site i, and I is the set of candidate locations.
In the optimization model, this probability depends on the AED
placement decision. Let y; be a binary decision variable indicating
whether an AED is installed at location i. The effective coverage
contribution of location i to event j is therefore z;; = y;p;;, where
pij is the distance-based coverage probability defined above. This
will be used when formulating the optimization model.

This modeling choice is supported by recent evidence on by-
stander behavior. Kono et al. (2024) [27] show that the presence of
multiple bystanders does not necessarily increase the likelihood
of AED retrieval, as social dynamics may inhibit individual ac-
tion. Their findings suggest that assuming multiple independent
responders simultaneously searching for an AED may overstate
effective coverage. In contrast, modeling a single active responder
is more consistent with observed behavioral patterns in emergency
situations.

Moreover, technological advancements further strengthen the
justification for the best-case model. Nielsen et al. (2022) [35] show

that when volunteer responders are activated through smartphone-
based dispatch systems, they receive real-time information about
the cardiac arrest location and nearby AEDs. These systems are
advancing rapidly and make it increasingly likely that volunteers
and other bystanders can access the right information to find the
nearest AED instead of the furthest.

In the standard single-responder best-case formulation, only the
closest device contributes to the coverage probability for a given
cardiac arrest event. That means that the presence of additional
devices at the same location does not further increase coverage.
This modelling choice is substantiated by Lin et al. (2023) [31], who
demonstrate that to maximize overall rescue benefit, AEDs should
avoid overlapping coverage, as overlapping hot zones represent
inefficient deployment. Their optimal spacing principle implies that
any two devices placed closer than their suggested 134 meters yield
diminishing marginal returns. A 100 m X 100 m grid resolution
ensures that AEDs placed in the same cell would be somewhat
inefficiently close according to this theoretical optimum, making
binary treatment of cells a reasonable simplification aligned with
maximizing spatial coverage. Moreover, the primary goal of this
study is to investigate the fairness in the efficiency-equity trade-off,
where the spatial distribution of AEDs is a more important driver
of the outcome than the density of AEDs.

3.5 Incorporating Equity Considerations

To incorporate equity into our model, we use intersections of the
ethnic groups and deprivation quintiles. By creating intersections,
we can have one model that will optimize for equity across socioe-
comic status and ethnicity. To do this, let E € {European/other,
Maori, Pacific} denote the set of ethnic groups and D € {1,2,3,4,5}
the set of deprivation quintiles. The set of intersectional groups is
then defined as

G=EXD.

A brief overview of the size of all groups is shown in Figure 7. It
can be seen that the groups are highly heterogeneous in size. The
(European/other, Q1) group for example contains approximately 36
times more people than the (Maori, Q1) group. This heterogeneity
will be important to account for when evaluating the efficiency-
equity trade-off, as larger groups might need a bigger emphasis in
the model than relatively smaller groups to keep individual-level
equity.

Population per subgroup
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8310 e 1476 36,507 nr16

ety
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Figure 7: The population count per subgroup in Auckland



To use the intersectional groups, we need to assign each sim-
ulated OHCA event to one or more of these groups to calculate
the average coverage per group and the corresponding fairness
amongst these groups. Let J denote the set of simulated OHCA
events. Each event j € J occurs in a meshblock m(j) = i, which
determines the deprivation quintile of the event.

While the location and corresponding meshblock of each simu-
lated OHCA event is known, the ethnicity of the individual expe-
riencing the OHCA is not directly observed. Instead, we estimate
the probability that an event belongs to a particular ethnicity using
the demographic composition of the meshblock combined with the
incidence rates that were calculated before.

The expected annual number of OHCAs in meshblock i for de-
mographic group (a, e, s) can be estimated by:

P i,a,e,s

100,000

Ai,a,e,s = Taes-

Notice that when we sum these values over all ethnicities, age
groups and sex categories and multiply it with the deprivation
correction factor, we again obtain the expected number of total
OHCA events for meshblock i.

By aggregating across age groups and sex categories, we obtain
the expected number of OHCAs in meshblock i attributable to
ethnicity e:

Ai,e = Z Z Ai,a,e,.v

The total expected number of OHCAs in meshblock i without
accounting for the socioeconomic factor is then:

A=) Aie.

ecE

Using these quantities, we estimate the probability that an OHCA
event occurring in meshblock i (with deprivation quintile d) belongs
to ethnicity e as

o Ai,e
Pie = 1

i

Thus, each simulated event j occurring in meshblock i con-
tributes probabilistically to the ethnic groups according to p;.
To illustrate the implications of this probabilistic assignment, we
compute the implied distribution of OHCA events across the inter-
sectional subgroups.

Figure 8: The number of expected OHCA events per subgroup
in Auckland

Figure 8 shows substantial variation in the expected number
of OHCA events across intersectional subgroups. Notably, some
smaller population groups, such as (Pacific, Q5), experience a higher
number of expected OHCA events than larger groups such as (Euro-
pean/other, Q1), despite having a substantially smaller population
size. This shows our emphasis on the underlying differences in
OHCA incidence rates between different ethnicities and socioeco-
nomic statuses.

Next, let fj(y) denote the AED coverage probability for event j
under AED placement decision y. The average AED coverage for
each intersectional group (e, d) € G is then computed as

Yjesd(j)=d Pm(j).e £i(Y)
jeJd(j)=d Pm(j).e
In this formulation, each simulated OHCA event contributes

proportionally to ethnic groups according to the expected incidence
implied by the meshblock demographics, while remaining fully
associated with the deprivation quintile of the meshblock in which
it occurs. The resulting F,(y) therefore represents the average AED
accessibility experienced by group g across all simulated OHCA
events.

Fea(y) = , V{ed}eG.

3.6 An efficiency-equity trade-off function

As discussed in the literature review, Bertsimas et al. [8] intro-
duced the a-fairness framework for resource allocation problems,
which has become foundational in operations research for balanc-
ing efficiency and equity. In their formulation, consider a set of n
individuals, each receiving a utility allocation u; > 0 from a feasible
utility set U C R}. The a-fair social welfare function is defined as:

i
lil—o’
Wa(u) = J:l
Z log(u;), a=1,
j=1

where o > 0 governs the trade-off between efficiency and eq-
uity. When o = 0, the function reduces to the utilitarian objective
Wo(u) = X; uj. As a increases, more weight is placed on individ-
uals with lower utility. At ¢ = 1, the objective corresponds to
proportional fairness. In the limit @ — oo, the solution converges

a>0,a+1,



to max-min fairness, which prioritizes improving the utility of the
worst-off individual above all other individuals.

While this framework is very useful, applying this framework
directly to our AED placement problem presents two challenges.
First, a-fairness operates at the individual level, requiring a utility
value u; for every person in the population. In our setting, the
vast majority of individuals would have u; = 0 because there are
simply not enough AEDs to cover everyone. Consequently, for
@ > 1, the terms 0!~% become infinite and log(0) is undefined when
a = 1. Thus, the a-fairness objective is not well-defined for our
problem. Second, even when defined, the objective is unbounded
for a < 1, making it difficult to interpret the magnitude of welfare
improvements or compare outcomes across different population
sizes.

To address these challenges, we turn to the Atkinson social
welfare function [2], originally developed for income inequality
measurement but well-suited to settings where outcomes are nat-
urally aggregated across groups. Notably, in banking and finance,
regulators evaluate risk or service quality across heterogeneous
customer segments rather than at the individual level. Since we do
not have hetergenous group sizes however (see Figure 7), we eval-
uate the efficiency-equity trade-off using a population-weighted
Atkinson social welfare function.

For this social welfare function, we use the coverage values
F.q(y) as defined before to represent the expected probabilistic
coverage for individuals in that subgroup under AED placement
strategy y. To aggregate these group-level outcomes into a single
welfare measure while preserving an individual-level interpreta-
tion of inequality aversion, we use the weighted power mean with
population weights w, 4. For ¢ > 0, the Atkinson social welfare
function is defined as:

1
1-¢

ng~Fg(y)l_£ e>0,e#1,
W:(F(y)) = {\geG
Fy(y)™, e=1,
geG

where F(y) = (F11(y), ..., Fs5(y)) and the population weights
we 4 are defined as:

Neg .
Weq = —————  with Nog= Z Pm(j)e-

Ner.a jerdG)=d
(e'd'}eG

Here, N, 4 represents the expected number of OHCA events for
group (e, d) over the simulation period. The population-weights
that are added to Atkinsons original formulation serve two essential
purposes regarding equity and social welfare. First, they ensure
equal consideration of individuals. Without weights, a group of
50 individuals would have the same influence as a group of 5,000.
Second, they account for statistical precision. Groups with higher
OHCA incidence produce more reliable coverage estimates, and
weights prevent volatile estimates from small groups from driving
optimization outcomes arbitrarily.

The welfare value W (F(y)) is bounded between 0 and 1 and
admits a natural interpretation as the equally distributed equivalent

coverage: the hypothetical coverage level that, if received uniformly
by every individual, would yield the same social welfare as the
actual unequal distribution [2]. For ¢ > 0, this value is always less
than or equal to the average coverage F = 3; w;F;, with equality
only when all groups have identical coverage. The difference F —
W, (F(y)) represents the welfare loss due to inequality, and the
Atkinson index A, = 1 — W,/F quantifies this loss as a proportion
of average coverage.

The parameter ¢ > 0 governs the strength of inequality aversion,
which acts similar to « in Bertsimas’ framework. When ¢ = 0, the
function reduces to the utilitarian objective of maximizing expected
average coverage and as ¢ increases, greater weight is placed on
improving coverage for groups with lower expected coverage. In
the limit ¢ — oo, the objective approaches max-min fairness. For
e > 0, the welfare function exhibits constant relative inequality
aversion. This means that the marginal social welfare contribution
of an individual in group (e, d) is proportional to F;;, indicating
that improvements to groups with lower coverage values (F, 4) are
increasingly valued as ¢ grows.

The marginal rate of substitution (MRS) between an individual
in group (e,d) and an individual in group (e’,d’) measures the
rate at which society is willing to trade coverage from one indi-
vidual to another while keeping overall welfare constant. For the
population-weighted Atkinson welfare function, the MRS between
two individuals is given by:

OW[oF,q  Wed Foj
MRS ) = — = -
(e,d),(e’,d") OW [OF s g1 Wer @ * F;sd’

The elasticity of substitution o measures the percentage change in
the ratio of coverages divided by the percentage change in the MRS.
Formally:
_ ‘dln(Fe,d/Fe',d/)
| dIn(MRS)
To derive o, we first rewrite the denominator as follows

In(MRS) =In(weq) —In(we g) — eIn(Feq) + eIn(Fer o).

Differentiating with respect to In(Fe q/Fer /):

F,
dIn(MRS) = —¢dIn(F.q) + edIn(Fo g) = —edIn (F”’ ) .
e’ d
Note that the terms In(w, 4) and In(w, 4/) are constants, so their
derivatives are zero. Therefore, the population weights do not affect
the elasticity. We obtain the elasticity of substition now by taking
absolute values and rearranging:

d ln(Fe,d/Fe',d') _
dIn(MRS)

d ln(Fe,d/Fe',d')
bt d 11’1 (Fe,d/Fe',d')

Thus, the elasticity of substitution is constant and given by o = 1/e.
When ¢ is small (close to 0), the elasticity is large, meaning that
coverage can be easily traded between individuals with little welfare
loss. As ¢ increases, the elasticity decreases, making it harder to
compensate for low coverage in one group with high coverage in
another. In the extreme case ¢ — oo, the elasticity approaches 0,
implying that no substitution is possible. In this case, the welfare
function focuses solely on the worst-off individual.

Importantly, despite the different domain of application, the
Atkinson framework is mathematically equivalent to a-fairness

1

B .



when applied to group-level data with population weights. To see
this, observe that for ¢ # 1, the welfare function W, (F(y)) is mono-
tonically increasing in the quantity Y ;e wy - Fy(y)'~*. Thus, max-
imizing W, (F(y)) is ordinally equivalent to maximizing:

1-¢
I;g;g; wy - Fy(y) "

This objective takes the identical functional form as a-fairness
with o = ¢, where individual utility u; is replaced by group cover-
ages F, 4(y) and uniform weights 1/n are replaced by population
weights w,. The only differences are that we aggregate at the group
level rather than the individual level, and we include population
weights to ensure each individual’s welfare is counted equally. This
connection implies that the theoretical properties established by
Bertsimas et al. [8], including convergence to max-min fairness as
& — oo and the existence of efficient solution methods for convex
problems, carry over to our setting.

3.7 Optimization Problem Formulation

The objective of our model is to determine where to place a limited
number of AEDs in order to maximize the social welfare function
defined above.

Let I denote the set of candidate AED locations and let y; be a
binary decision variable indicating whether an AED is placed at
location i € I. The total number of deployable AEDs is limited to K.

Let p;; denote the probability that OHCA event j is covered by
an AED located at site i, as defined by the probabilistic coverage
function described previously. As stated before, we adopt the single-
responder best-case assumption from Chan et al. (2016) [14], which
assumes that the effective coverage probability for event j is de-
termined by the available AED that provides the highest coverage
probability. Consequently, the coverage of event j is defined as

fity) = ieﬁ?ﬁo{yip”}'

Substituting this event-level coverage into the group-level cov-
erage measure F 4(y) yields the following optimization problem:

Maximize W, (F(y)) (1)
subjectto  fj(y) = max {yipij}, Vi€, (2)
i€l:p;j;>0
D<K 3)
iel
y; €{0,1}, Viel 4)

The max operator in Constraint (2) makes this formulation non-
linear and therefore difficult to solve. Similar to the models of
Berman et al. (2003) [6] and Karasakal and Karasakal (2004) [26],
we obtain a tractable formulation by introducing binary variables
w;; indicating whether cardiac arrest event j is assigned to an AED
placed at location i.

Let

I]={l€I|p,]>0}

denote the set of candidate locations capable of covering event

Using these assignment variables, the max operator can now be
rewritten to make the model easier to solve. Namely, the optimiza-
tion problem can be reformulated as the following mixed-integer
optimization model:

Maximize W.(F(y)) ()
subject to f} = Zp,-jw,-j, \7/] € ], (6)
i€lj
Z y; <K, (7)
iel
wij <y, VielpVje], )
Dwy <1, Vje], )
i€l
Wij € {0,1}; Vi 6Ij»vj E]) (10)
y; €{0,1}, Viel (11)

In this formulation, the variables w;; assign each cardiac arrest
event to at most one AED location, consistent with the single-
responder assumption. Constraint (8) ensures that an event can only
be assigned to a location if an AED is installed there. Constraint (9)
guarantees that each event is covered by at most one AED, thereby
capturing the best-case coverage assumption.

The resulting event-level coverage values f; are subsequently
aggregated into the group-level coverage measures F, 4(y) defined
earlier, which enter the e-fair welfare objective. In this study, the
model is implemented in Python and solved using Gurobi Opti-
mizer version 13.0.1. Although the welfare function is nonlinear
in the group-level coverage variables, due to the smoothness and
monotonicity of the function, modern solvers like Gurobi are able
to handle such nonlinear structures. In particular, recent versions
of Gurobi support general nonlinear expressions and mixed-integer
nonlinear programming (MINLP) via spatial branch-and-bound and
successive linear outer-approximation techniques [25].

To improve computational tractability, the optimization is per-
formed only on the inner aggregation term of the Atkinson welfare

function,
Z wyFy (y)H,
geG

while the outer transformation is evaluated post-optimization. Be-
cause the Atkinson transformation is monotonic in this inner term
for ¢ # 1, this reformulation preserves the welfare ordering of
solutions.

For ¢ < 1, the inner summation is maximized, whereas for € > 1,
it is minimized, reflecting the sign change induced by the exponent
1—e¢. The case ¢ = 1, which corresponds to the logarithmic (geomet-
ric mean) form of the Atkinson index, is approximated numerically
by setting ¢ = 1.01 in the implementation. This approximation
ensures consistency with the power-form nonlinear structure used
in the optimization model while remaining arbitrarily close to the
logarithmic limit.

3.8 Statistical model validation

To validate the proposed optimization model, we compare the AED
deployment suggested by the optimization model with the existing
AEDs, both constrained to have the same number of AEDs to ensure



a fair comparison. We evaluate these models based on overall prob-
abilistic coverage (the sum of f; across all OHCA events), which is
independent of the inequality aversion parameter ¢.

To do this, we use a pure utilitarian approach for our model,
which maximizes total expected OHCA coverage without regard to
equity across population subgroups. This is achieved by setting the
inequality aversion parameter to ¢ = 0 in our population-weighted
welfare function W, (F(y)). To see that this recovers the utilitarian
objective, recall that W, (F(y)) with ¢ = 0 is:

Wo(F(y)) = ) Wea - Fea(y).
e, d

Substituting we g = Ne 4/ Niotal and Fe 4(y) = ﬁ’d Yieted) [iy)
yields:

D 5 = 5= D AW

jeled) “ ey

Since Niotal is constant for a given urban area, maximizing Wy (F(y))
is equivalent to maximizing 3’ ;¢; f;(v).

In this scenario, the model maximizes total probabilistic coverage
by relocating all AEDs to new locations on the candidate solutions
grid, providing an upper bound on the achievable coverage for
the current number of AEDs. This utilitarian approach serves as
a benchmark against which both the existing AED network and
equity-aware deployments (with ¢ > 0) can be evaluated. The dif-
ference between the coverage achieved by the current deployment
and the utilitarian optimum reflects the potential improvement that
could be realized through strategic relocation, while the trade-off be-
tween coverage and equity is examined by comparing deployments
across a range of ¢ values.

To obtain reliable performance estimates and reduce potential
overfitting to historical cardiac arrest locations, we employ a 10-fold
cross-validation procedure similar to Chan et al. [12]. To ensure
a sufficient number of OHCA events relative to the number of
AEDs being placed, we simulate ten years of OHCA events. This
provides an adequately sized dataset for training and testing. The
set of historical OHCA events is then randomly partitioned into
ten equally sized subsets. In each iteration, nine subsets (90% of the
events) are used as a training set to determine the optimal AED
locations, while the remaining subset (10%) is used as a testing
set to evaluate the resulting coverage. This process is repeated ten
times so that each subset serves once as the testing set, after which
the coverage results are aggregated across all testing sets.

Given the computational complexity of solving the optimiza-
tion model at the full Auckland scale, the analysis is conducted
separately for the four urban areas: Central, Northern, Southern,
and Western Auckland Zones. This approach avoids an unneces-
sarily large optimization problem that would be computationally
intractable if solved for the entire region at once. For each urban
area, the model is run independently using the meshblocks, candi-
date AED locations, and OHCA events specific to that area. The
resulting coverage probilities are then aggregated across the four
areas. To obtain an overall estimate of model performance for Auck-
land as a whole, we compute a weighted average of the results from
each urban area, using the total number of OHCA events in each
area as the weight. This ensures that the areas with higher cardiac

B Neg 1
%(F(y)) - ; Niotal . Ne’d

arrest incidence contribute proportionally more to the aggregate
performance.

Let U denote the set of urban areas, and let n, represent the
total number of OHCA events in urban area u € U. The weighted
average probabilistic coverage is given by:

Suev nu W (F(y))
et Nu ,

where Wg(”) (F(y)) is the population-weighted sociale welfare
for urban area u.

Since there are only four urban areas to analyze, statistical tests
have limited significant power. Therefore, to assess whether differ-
ences in probabilistic coverage between the current AED deploy-
ment and the optimized deployments are statistically significant, we
use bootstrappinging. Specifically, we resample the OHCA events
with replacement 10,000 times, computing the mean coverage dif-
ference (optimized minus existing) for each bootstrap sample to
calculate a 95% confidence interval. If this interval does not contain
zero, the improvement is considered statistically significant at the
a =0.05 level.

In addition to evaluating average probabilistic coverage, we also
assess the equity of AED deployments using the Gini coefficient
across all demographic groups g € G. This can be useful to obtain a
better understanding of the current AED deployment, but also the
results of a simple utilitarian approach.

The Gini coefficient is computed over the vector of group-level
coverages and takes values between 0 and 1, where 0 indicates
perfect equality and 1 indicates maximal inequality. Formally, it is
defined as:

W (F(y)) =

Zg Zg’ \Fg(y) - ng (y)|
261 Ty Fyy)

This metric is particularly useful in the validation setting, as it
allows us to assess equity for a single deployment (e.g., the existing
network or the utilitarian solution with ¢ = 0), where trade-off-
based measures are not applicable.

Gini(y) =

3.9 Budget scenarios: Expanding the Number of
AEDs

Although the optimized utilitarian approach described above should
yield the largest increase in overall coverage, such a full relocation
of existing AEDs is not desirable for several reasons. First, im-
provements in total coverage do not necessarily translate into more
equitable access across groups. Moreover, the relocation scenario
considered in the statistical model validation is not a practical im-
plementation strategy, as relocating existing AEDs is both costly
and logistically challenging, and may also reduce accessibility in
locations where devices could already be well-placed and frequently
used. For these reasons, the next step is to consider a setting in
which AEDs are added rather than relocated. That means that exist-
ing AEDs will be fixed in the model and cannot be relocated and the
optimization model will focus on expanding the network through
additional AEDs. This should preserve the benefits of the current
infrastructure while targeting remaining coverage and equity gaps.

We expand the network using a percentage-based addition for
the four urban areas rather than a fixed global budget K.



Let Ko™ denote the number of AEDs currently located in ur-
ban area u € U. For each scenario, we define an expansion percent-
age p € {10%, 20%, 50%, 100%}, which determines the percentage of
AEDs that can be added to the existing network. The total number
of AEDs to be placed in area u is then given by:

K, (P) — stisting + ’7,0 . Kixisting-l )

This approach ensures that areas with larger existing AED net-
works receive proportionally more AEDs. This approach aims to
reflect realistic public health investment strategies where funding
is often allocated as a percentage increase to the existing structure.
The optimization model is solved independently for each urban
area using its respective budget K, (p), and the resulting coverage
metrics are aggregated using the weighted average defined before.
The addition of new AEDs and fixing the current AEDs does re-
quire a slight adaption of the optimization model defined in 3.7.
Let I®*5518 ¢ | denote the set of indices corresponding to existing
AED locations, and let [e@ndidate — [\ jexisting he the set of candidate
locations available for new AED placements. The binary decision
variables y; are defined such that y; = 1 for all i € g je,
existing AEDs are fixed in the model and cannot be removed. Only
y; for i € [°ndidate are treated as decision variables.

The optimization problem for a given urban area u and expansion
percentage p is formulated as follows:

Maximize W, (F(y)) (12)
subject to f} = Zpijw,j, Vj €], (13)

i€l
yi < K, (p). (14)

je Jeandidate
wij <y, Viel,Vje], (15)
ZWUSL vjel (16)

i€l

yi = 1, Vie Iexisting’ (17)
W,‘jE{O,l}, ViEIj,VjEJ: (18)
y; € {0,1}, Vi e [eandidate (19)

The objective function (12) remains the same as in the original
formulation, maximizing the social welfare function W, (F(y)). The
event coverage constraint (13) is also the same as in the original
formulation.

Constraint (14) limits the number of new AEDs placed in the
candidate set to K}*V(p) = [p - KEXiSting], where KEXiSti"g is the
number of existing AEDs in urban area u and p is the expansion
percentage. Notice that we use the ceiling function in order to
ensure that KJ*V(p) is always a positive integer value.

Constraints (15)-(19) are similar to the original formulation with
the addition of the fixed AED locations, where y; =1 Vie I existing

For each expansion level p, the model is solved under the utili-
tarian objective (@ = 0) to establish an upper bound on achievable
coverage, as well as under a range of a > 0 values to examine how
the efficiency-equity trade-off evolves. By adding AEDs proportion-
ally, we investigate whether marginal improvement in coverage
diminish as more AEDs are added. Moreover, we explore whether
or not increasing number of AEDs reduce or increase inequities

across demographic groups. Lastly, we look into how the price of
fairness changes when resource constraints are relaxed.

3.10 Visualizing the Efficiency-Equity Trade-off

Before evaluating the trade-off, we first illustrate how the choice of
e €{0,0.5,1,2,4, 00} shapes the objective function itself to justify
that this range of ¢ best captures the solution space. Figure 9 shows
the behavior of the social welfare function W, under controlled
settings. Figure 9a considers a simple two-group scenario where F,
is fixed at 0.5 and F; varies, with equal population weights. Figure
9b extends this to 15 groups, with 14 groups fixed at 0.5 and one
group varying.

When ¢ = 0, the welfare function is linear, meaning coverage
gains across groups are perfectly substitutable. This corresponds
to a purely utilitarian objective that maximizes average coverage
without regard for its distribution. As ¢ increases to 0.5, 1, 2, and
4, the function becomes progressively more concave, reflecting
increasing aversion to inter-group inequality. Improvements in
lower-covered groups receive greater weight, while marginal gains
in already well-served groups contribute less to overall welfare. At
€ = 1, the welfare function reduces to the weighted geometric mean,
which provides a natural intermediate benchmark. For € > 1, the
curvature becomes more pronounced, and the function increasingly
prioritizes the worst-off groups. This effect is stronger with more
groups, as seen in Figure 9b compared to the simpler two-group
setting. In the limit as ¢ — oo, the welfare function converges to
the minimum group coverage.

Having established how ¢ shapes the objective function, we now
translate this into observable allocation outcomes. To visualize the
resulting efficiency-equity frontier, we use two metrics. First, aver-
age probabilistic coverage F = 4 WgFy measures efficiency. Second,
the Gini coefficient of the group-level coverages {F,} measures eq-
uity. Together, these define the efficiency-equity frontier: each ¢
gives a point in the (coverage, Gini) plane, and the frontier shows
how much coverage must be sacrificed to achieve a given reduction
in inequality. We will plot this frontier for different values of p to
see whether the trade-off changes with budget.

To ensure that observed differences reflect genuine allocation
effects rather than noise, we use Common Random Numbers (CRN)
across five independent simulation seeds. Within each seed, every
¢ is evaluated on the exact same set of simulated OHCA events and
cross-validation folds. This means any difference in coverage or
Gini between two ¢ values comes from ¢ itself, not from random
variation. After running all five seeds, we aggregate by taking the
mean across seeds to obtain the final reported values.

Because we use the same random draws, we report paired-difference
standard errors rather than independent standard errors. For each
fold and seed we compute:

AF = F(e) — F(0), A Gini = Gini(¢) — Gini(0),

and estimate the standard error of these differences directly.
Since F(¢) and F(0) come from the same events, they are highly
correlated, and the variance of their difference is:

Var(F(e) — F(0)) = Var(F(e)) + Var(F(0)) — 2 Cov(F(e), F(0)).



Figure 9: Effect of ¢ on the social welfare function.
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(a) Two groups with F, = 0.5.

The covariance term shrinks the variance considerably, giving us
tighter confidence intervals on the frontier so we can tell whether
different ¢ values lead to meaningfully different outcomes.

3.11 Evaluating the Efficiency-Equity Trade-off

The frontier described above provides a visual summary of the trade-
off, but we also require quantitative metrics to further substantiate
policy decisions based on the efficiency-equity trade-off. Therefore,
we use three different metrics to give a more complete assessment
of each allocation’s performance.

Following Bertsimas et al. [7], the price of fairness (POF) mea-
sures the relative loss in total coverage when moving from the
utilitarian solution (¢ = 0) to a more equity-oriented allocation:

F(y*(0)) - F(y*(2)
F(y(0))

A small POF indicates that equity gains can be achieved at low ef-
ficiency cost. Symmetrically, the price of efficiency (POE) measures
the relative loss in coverage of the worst-off subgroup compared to
the most equitable allocation (¢ — o0):

POF(¢) =

ming Fg(y*(oo)) — miny Fg(y* (&)
ming F, (y*(c0))

A small POE indicates that the utilitarian solution already pro-
vides near-maximal coverage to the worst-off subgroup. Together,
POF and POE anchor the trade-off to two interpretable reference
points: the purely utilitarian optimum and the most equitable allo-
cation. These metrics are reported for all values of ¢ and p.

While the POF and POE describe the extremes, they do not
identify a preferred ¢ for a given scenario as the relative importance
of efficiency and equity is up to a policy maker. However, because
AEDs are by nature meant to save lives, coverage is inherently
the more critical objective. To support the selection of ¢ while
respecting this priority, we introduce a weighted benefit-cost ratio.

POE(e) =

Effect of € with 15 Groups (14 fixed at 0.5)
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(b) 15 groups with 14 fixed at F = 0.5.

Let A > 1 be a weight reflecting the priority of coverage relative to
equity. The efficiency-equity ratio is then defined as:

R(e.2) = A Gini(¢)/ Gini(0)
T - AF(e)] F(0)

where A Gini(¢) = Gini(0)—Gini(¢) > 0 is the absolute reduction
in the Gini coefficient and AF(e) = F(0) — F(e) > 0 is the coverage
sacrifice, both expressed as fractions of their utilitarian baseline.
The weight A penalizes coverage losses by a factor of A relative to
equity gains: at A = 1, coverage and equity are treated as equally
costly on their respective relative scales, whereas larger values of A
make the optimum reluctant to accept coverage sacrifices.

The optimal ¢ for a given policy weight is then:

£ (1) = argmax R(e 1).

>0

This criterion has two useful properties. First, ¢ = 0 can emerge
as optimal: if the frontier is steep from the outset, meaning even a
small increase in ¢ sacrifices a disproportionate amount of coverage
relative to the equity gained, then R(¢, 1) will be low for all £ >
0, and the utilitarian solution remains preferred. Second, ¢ = oo
can be selected if the frontier is nearly flat throughout, meaning
equity gains remain cheap all the way to the max-min solution.
By reporting £*(A) for a range of A values, we try and provide a
transparent analysis where policymakers can choose their own
settings based on their priorities.

As with all other results, ten-fold cross-validation is used to
ensure out-of-sample performance rather than in-sample fit. For
each fold, the model is trained on 90% of simulated OHCA events
and evaluated on the remaining 10%. All reported metrics (POF,
POE, and R(¢, 1)) are computed on the held-out test folds to avoid
overfitting.



4 RESULTS

This section will discuss the results from the experiment that has
been described before. First, we will go over the details of the exist-
ing AED network to establish the baseline. Next, we will validate
our model by comparing the existing network with our model un-
der a utilitarian objective. Lastly, we will broadly investigate the
different budget scenarios and the corresponding efficiency-equity
trade-offs that occur.

4.1 Current situation

Before investigating the improvements achievable through optimal
AED placement, we first examine the performance of the exist-
ing AED network. Figure 10 illustrates the average probabilistic
coverage (F, 4(y)) for all subgroups G.

Figure 10: Performance of the existing AED deployment over
10 simulated years of OHCA events
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It can be seen that in the current situation, the coverage by AEDs
in the least deprived quintile is the lowest, which is in line with
the number of AEDs in this quintile. Moreover, coverage varies
substantially across ethnic groups, with the European/other popula-
tion consistently achieving higher coverage than Maori and Pacific
populations across most deprivation quintiles. The overall weighted
average probabilistic coverage across all subgroups is 1.98%.

4.2 Importance of subgroup disaggregation

To assess whether our disaggregation into subgroups is necessary,
we examine the results when considering ethnicity and socioeco-
nomic status separately.

Table 2 reports weighted average probabilistic coverage by eth-
nicity when aggregating over deprivation quintiles. Table 3 reports
weighted average coverage by deprivation quintile when aggregat-
ing over ethnicities. For both tables, we used the weighted average
based on the total number of expected OHCA events per subgroup
shown in Figure 8.

Table 2: Weighted average probabilistic coverage by ethnicity
(aggregated over deprivation quintiles).

Ethnicity Coverage (%)
European/other 2.25
Maori 1.38
Pacific 1.08

Table 3: Weighted average probabilistic coverage by depriva-
tion quintile (aggregated over ethnicities).

Deprivation quintile Coverage (%)

Quintile 1 0.91
Quintile 2 1.29
uintile 3 2.04
Q
uintile 4 2.16
Q
Quintile 5 1.74

At first sight, these aggregated results suggest relatively smooth
differences between ethnic or socioeconomic groups. In particular,
deprivation-based averages indicate a general increase in coverage
from lower to higher deprivation quintiles, while ethnicity-based
averages suggest higher coverage for the European/other popula-
tion compared to Maori and Pacific populations.

However, these aggregated statistics conceal substantial hetero-
geneity that becomes visible only when the population is divided
into the 15 ethnicity X deprivation subgroup combinations shown
in Figure 10. For example, the European/other population exhibits
a strong increase in coverage with deprivation, rising from 0.9% in
quintile 1 to 3.6% in quintile 5, whereas Pacific populations display
the opposite trend, decreasing from 1.5% to 1.0%. Maori populations
show relatively stable coverage across deprivation levels.

These contrasting subgroup-specific patterns are obscured when
averaging across either ethnicity or deprivation alone. Consequently,
using only three ethnic groups or five deprivation groups would
mask important intersectional disparities in AED accessibility. This
substantiates the decision to model the population using 15 intersec-
tional subgroups, allowing the optimization framework to explicitly
account for inequities that would otherwise remain hidden in ag-
gregated analyses.

4.3

To validate the proposed optimization model, we compare the per-
formance of the optimized AED deployment with the current AED
network. The existing AED locations, as obtained from the national
registry, are first mapped onto the candidate location grid to ensure
consistency with the optimization framework.

Table 4 presents the average probabilistic coverage across differ-
ent urban areas in Auckland for both the existing and optimized
AED deployments in the relocation scenario. The weighted average
coverage increases from 0.0198 in the existing network to 0.0456
in the optimized deployment, representing a mean improvement
of 0.0258 (95% CI: 0.0192, 0.0325). Note that the optimized average
probabilistic coverage corresponds directly to W, (F(y)) and are
therefore equivalent.

Statistical comparison has little power, but the fact that our 95%
confidence interval, obtained from bootstrapping, does not contain
zero suggests that the relocation of all AEDs does improve the
coverage significantly. Altogether, these results show that the prob-
abilistic coverage can be improved with the optimization model
under the utilitarian approach for all of the four urban areas, provid-
ing validation for the utilitarian formulation of the model (¢ = 0).

The optimized AED deployment produces a more evenly dis-
tributed network compared to the existing one, extending coverage

Model validation and baseline comparison



Table 4: Coverage comparison and OHCA events by urban
area

Urban Area Existing Optimized # Events
CAZ 0.0434 0.0771 4258
NAZ 0.0128 0.0280 2469
SAZ 0.00899 0.0388 4768
WAZ 0.00630 0.0208 2328
Weighted Average 0.0198 0.0456 13823

toward areas with relatively high OHCA incidence that are cur-
rently under-served. The existing network is largely concentrated
around city centres and highly frequented public locations, consis-
tent with prior research emphasizing placement in areas with high
pedestrian traffic and visibility [11, 40, 52], whereas the optimized
placements spread across residential areas where OHCA incidence
is highest. Both networks, however, tend to avoid the more rural
areas where very few OHCA events occur. The spatial distribution
of both networks across all urban areas is shown in Appendix B.

In addition to overall coverage, we examine how the utilitarian
approach affects the distribution of coverage across demographic
groups. Figure 11 presents the Gini coefficient for both the existing
and optimized deployments.

Figure 11: The Gini coefficient across all subgroups G in four
urban areas of Auckland for the existing and optimally relo-
cated network.
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The results indicate that improvements in overall coverage do not
necessarily translate into improvements in equity. While the Gini
coefficient remains relatively stable or improves slightly in some
urban areas, there is a substantial increase in the Southern Auck-
land Zone where the equity has worsened considerably. This mixed
pattern is consistent with a purely utilitarian approach, which max-
imizes overall coverage without considering equity considerations.

Although the optimized utilitarian approach yields the largest in-
crease in overall coverage, such a full relocation of AEDs is not desir-
able. In practice, existing AEDs are valuable regardless of their mar-
ginal contribution in the optimization model, and removing them
from established public locations is generally not desirable. The

following section focuses on a more realistic and policy-relevant
setting in which AEDs are added rather than relocated.

4.4 Incremental AED deployment: adding new
AEDs

This section will discuss the optimization model for various scenar-
ios where we have a budget of KJV(p) new AEDs to add to the
existing AED network. This means that the existing AED network
is fixed and cannot be relocated. To start the analysis, we will again
look into the utilitarian approach (¢ = 0) to formalize an upper
bound on probabilistic coverage and a lower bound on equity with
respect to other values of ¢. Then, we will continue by looking
into the efficiency-equity frontier and the POF and POE metrics for
various scenarios of p.

4.4.1 A utilitarian baseline. The optimization model is run for dif-
ferent values of p € {10%, 20%, 50%, 100%}. Newly added AEDs are
primarily placed in areas not yet well covered by the existing net-
work. At lower values of p, the model is forced to select the most
critical areas first, revealing the locations with the highest marginal
impact on coverage. As the number of additional AEDs increases,
the spatial distribution becomes more dispersed, gradually extend-
ing coverage across the entire area. The spatial progression across
all budget scenarios for the Central Auckland Zone, which has
the highest number of AEDs among the urban areas and therefore
serves as the most informative example, is provided in Appendix B.

To quantify the impact of adding AEDs, Figure 12 presents the
mean probabilistic coverage across all urban areas as a function
of KJ*¥(p). As expected, coverage increases monotonically with
the number of additional AEDs. However, surprisingly, the rate
of improvement remains relatively stable as K}V (p) increases,
suggesting that the marginal gains from additional AEDs do not
diminish substantially over the considered range. This indicates
that even a doubling of the current AED network could still yield
meaningful improvements in overall coverage.

Despite these coverage gains, adding AEDs under a utilitarian ob-
jective does not translate into a more equitable distribution. Figure
13 shows that the Gini coefficient does not improve substantially
as p increases, and even worsens in the Northern Auckland Zone.
This is explained by the spatial structure of these zones: the worst-
off subgroups are located in areas that are harder to reach and
have lower population density, meaning a coverage-maximizing
model still prioritizes denser areas with higher absolute OHCA
counts even when the per-capita incidence rate is lower. Figure 14
makes this concrete: the coverage of the already best-served group
(European, Quintile 5) increases the most across all values of p,
while the least-served groups see comparatively little improvement.
These findings provide a solid foundation for questioning whether
a purely utilitarian approach is the optimal policy for improving
AED coverage across the entire population.

4.4.2 The efficiency-equity trade-off. A pure utilitarian approach
can lead to more inequity among subgroups. Therefore, we want to
increase the social welfare parameter ¢ to analyze different policies
in which there is a trade-off between equity and overall coverage
or efficiency.



Figure 12: The mean probabilistic coverage over 10 folds
for different areas of Auckland and various scenarios of p,
expressed in the number of newly added AEDs (K?*V(p))

Coverage vs K;*V(p)

(x=0)
0.10
S
@ 0.08
=
[
>
o
o
-2
P
£ 0.06 4
=
©
Q
o
=
joh)
= 0.04 A
o]
[}
=
0.02 4
=@~ Central Auckland
o =@~ Northern Auckland
>~ Southern Auckland
=@~ Western Auckland
T T T T T T
0 200 400 600 800 1000

K;*"(p) (number of new AEDs added)

Figure 13: The Gini coefficient for four urban areas in Auck-
land for different values of p
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To start, we examine the two extreme cases ¢ = 0 and ¢ = oo and
look for spatial differences. Figure 15 shows the placement for a bud-
get of p = 10% in the Central Auckland Zone as its high population
and AED density make spatial differences most visible. The utili-
tarian policy (¢ = 0) concentrates new AEDs in the already-dense
northern cluster, reinforcing coverage where OHCA incidence is
highest. In contrast, the max-min policy (¢ = oo) disperses new

Figure 14: Per-subgroup weighted average coverage across
all four urban areas in Auckland
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AEDs across the rest of Central Auckland, targeting areas that have
little coverage under the existing AED deployment. This spatial
difference confirms that the two policies pursue fundamentally
different objectives.

The efficiency—-equity trade-off is quantified in Figure 16 and
Table 5. As ¢ increases from 0 to co, mean coverage F falls from
0.0563 to 0.0497 (11.7%), while the Gini coefficient improves from
0.404 to 0.331 (-18.1%). Most equity gains occur at low &: moving
from ¢ = 0 to ¢ = 1 reduces the Gini by 3.3 percentage points
with a POF of only 3.8%, whereas the final step (¢ = 4 to o) yields
just 1.3 additional Gini points at a POF of 3.2%. The POE column
confirms this from the opposite direction: at ¢ = 0, the worst-off
group lags the max-min benchmark by 24.1% (POE = +24.1%); by
¢ = 2, the gap closes to -1.4%, indicating that ¢ = 2 approximates
the max-min distributional outcome while preserving 6.3% more
aggregate coverage (POF = 6.3%).

To support the selection of a preferred ¢, Table 5 reports the
weighted efficiency-equity ratio R(e, 1) for A € 1,2,5. Whereas
POE focuses specifically on the worst-off group, R(e, A) uses the
Gini coefficient to capture distributional equity across the full pop-
ulation; this difference in equity metrics explains why they tell
slightly different stories about the optimal ¢. Recall that R(e, A1) > 1
indicates that the relative equity gain exceeds the A-weighted rel-
ative coverage sacrifice, so moving to ¢ is worthwhile under that
weight, whereas R(¢, ) < 1 indicates that a policymaker is best off
going with the utilitarian approach.

At A = 1, treating coverage and equity losses as equally costly on
their relative scales, the ratio is maximized at ¢ = 1 with R = 2.14,
confirming that this step on the frontier delivers the most equity per
unit of coverage sacrificed. All values of ¢ > 0 yield R > latA =1,
meaning that under equal weighting no value of ¢ is worse than
the utilitarian baseline in benefit-cost terms. At A = 2, reflecting
a policy context in which a percentage point of coverage loss is
considered twice as costly as a percentage point of Gini reduction,
1 remains the preferred choice with R = 1.07, though the
advantage over ¢ = 0 is now slim. Notably, ¢ = 2, 4, and o all fall

£ =



Figure 15: Optimal placement of AEDs in the Central Auckland Zone for a budget of p = 10%
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Table 5: Central Auckland Zone (p = 10%)

¢ F (+SE) Gini (+SE) POF  POE R(s51) R(52) R(e5)
0 0.0563 (£0.0013) 0.4042 (+0.0081)  ref  +24.1% — — -
0.5 0.0548 (£0.0013) 0.3836 (+0.0085) +2.8% +14.3% 1.85 0.92 0.37
1 0.0542 (£0.0014) 0.3711 (+0.0082) +3.8% +7.0% 2.14 1.07 0.43
2 0.0528 (£0.0013) 0.3544 (+0.0085) +6.3% —1.4% 1.71 0.86 0.34
4 0.0515 (£0.0013) 0.3440 (+0.0086) +8.5% —3.1% 1.44 0.72 0.29
oo 0.0497 (£0.0012) 0.3310 (+0.0087) +11.7% ref 1.21 0.61 0.24

Figure 16: The efficiency-equity frontier in the Central Auck-
land Zone with a budget of p = 10%
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below R =1 at A = 2, meaning they are no longer justifiable under
this weight. At 1 = 5, representing a strongly coverage-prioritizing
policymaker, all values of ¢ yield R < 1, which means no deviation

from the utilitarian solution can be justified because the coverage
cost of any equity improvement is simply too high relative to its
benefit.

The Lorenz curves in Figure 17 provide a distributional view
that complements these metrics. As ¢ increases the Lorenz curve
shifts upwards towards the line of perfect equality. Most notably,
the improvement in the Gini coefficient is not made in the lower tail
of the distribution, but more in the middle of the distribution. This
suggests that higher values of ¢ primarily redistribute coverage
away from moderately well-served groups toward those in the
middle, rather than exclusively targeting the absolute worst-off.
The groups in the lower tail, those with the least access under
any policy, appear to be structurally constrained by the existing
AED deployment and the spatial distribution of OHCA incidence,
such that even the max-min objective cannot substantially lift their
coverage within the available budget of p = 10%. In other words,
lifting the floor of the Lorenz curve requires a larger budget for the
Central Auckland Zone as an equity-aware optimization strategy
is insufficient.

4.4.3 Optimal ¢ across zones and budget scenarios. The choice of ¢
determines the balance between aggregate coverage and distribu-
tional equity. However, it remains an open question whether the
same value of ¢ performs well across different urban areas and bud-
get levels, or whether the optimal trade-off is context-dependent.
To investigate this, we solve the model for all combinations of urban
zones and budget levels p € {10%, 20%, 50%, 100%}, and evaluate
the resulting efficiency-equity trade-offs using the associated wel-
fare and inequality metrics. Detailed frontiers, Lorenz curves, and
supplementary result tables are reported in Appendix B.



Figure 17: The Lorenz curve for different values of ¢ in the
Central Auckland Zone with a budget of p = 10%

Lorenz Curves for Different € (p=10%)

— 0 (Gini=0.444)
10 0.5 (Gini=0.415)
— 1 (Gini=0417)
— 2 (Gini=0.398)
— 4 (Gini=0392)
— = (Gini=0345)
-~ Perfect equality

Cumulative share of total coverage

0.0 0.2 0.4 0.6 0.8 1.0
Cumulative share of groups (worst - best covered)

To summarize the results, Table 6 reports the optimal values of ¢
for different values of A that maximize R(¢, A). A first observation is
that some of the zone-budget combinations do not yield a feasible
solution. This can be understood from the structure of the social
welfare function: when the coverage of the least-covered group
becomes extremely small, the term F,(y)'~¢ grows rapidly for large
values of ¢, causing numerical instability and intractability in the
optimization problem.

The results further reveal a broader structural pattern across
Auckland. In CAZ, minimum group coverage grows consistently
and substantially with budget, reaching relatively high levels at p =
100%. This reflects the relatively dense existing AED infrastructure,
which provides a meaningful coverage floor even for the worst-off
groups. In contrast, NAZ, SAZ, and WAZ exhibit persistently low
minimum group coverage across all feasible budgets, indicating that
the most disadvantaged groups in these zones remain structurally
difficult to reach regardless of how many AEDs are added. This
pattern is also reflected in the underlying distributional outcomes,
where improvements for the worst-off groups remain limited even
under strongly equity-oriented objectives.

A second and central finding from Table 6 is that the optimal ¢
is highly context-dependent. In CAZ, equity-aware optimization
with ¢ > 0 is consistently justifiable at A = 1 across all budgets,
with the optimal ¢ ranging from 0.5 to 2. This reflects that the dense
existing AED infrastructure in CAZ creates meaningful room for
redistribution without large coverage sacrifices. At A = 2, equity-
aware optimization remains worthwhile in CAZ at p = 20% and
p =50% (¢* = 0.5), but the advantage narrows considerably at both
higher and lower budget levels. At A = 5, the utilitarian solution is
always preferred in CAZ, as coverage losses are penalized heavily.

Outside CAZ, the utilitarian approach dominates in almost all
zones, budgets, and values of A. The utilitarian solutions are often
substantially separated from the alternative equity-aware solutions
in terms of both aggregate coverage and distributional outcomes.
This may be attributed to the smaller number of AEDs in these
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regions, where even modest relocation decisions can lead to large
shifts in coverage distributions.

A notable exception is NAZ at p = 100% and ¢ = 2, which
achieves R(e,1) = 1.78. This suggests that at sufficiently large
budgets, even NAZ can exhibit a favorable efficiency-equity trade-
off at moderate levels of inequality aversion, as enough AEDs be-
come available to meaningfully differentiate between utilitarian
and equity-aware placements. This conclusion should, however,
be interpreted cautiously given the relatively high standard errors
in NAZ, which stem from the smaller number of OHCA events
observed in the zone.

Taken together, these results indicate that the value of equity-
aware AED optimization is not uniform across Auckland. It is most
clearly justified in CAZ, where the existing infrastructure is dense
enough to allow meaningful redistribution, and where small to
moderate values of ¢, particularly ¢ € {0.5, 1,2}, deliver the best
overall balance between coverage and fairness across budget sce-
narios. In the remaining zones, the utilitarian objective is generally
preferable unless substantially larger budgets become available to
overcome the structural constraints that currently limit access for
the worst-off groups.

5 CONCLUDING REMARKS

This study developed and applied an equity-aware AED placement
optimization model for Auckland, integrating both ethnic and so-
cioeconomic dimensions of inequality into the objective function
using the Atkinson social welfare framework. The results provide
several substantive insights into the nature of the efficiency-equity
trade-off in AED deployment, while also raising broader questions
about how fairness should be conceptualized and measured in emer-
gency response optimization.

The key empirical finding from the Central Auckland Zone (CAZ)
is that meaningful reductions in coverage inequality, as measured
by the Gini coefficient, can be achieved with modest sacrifices in
total probabilistic coverage. Moving from the utilitarian solution
(¢ = 0) to proportional fairness (¢ = 1) in CAZ reduced the Gini
coeflicient by 3.3 percentage points at a price of fairness (POF) of
only 3.8%. This result demonstrates that equity and efficiency are
not necessarily in strong conflict in areas with sufficiently dense
AED infrastructure. In CAZ, the relatively high density of exist-
ing AEDs creates meaningful room for redistribution, allowing
the model to reallocate coverage toward underserved subgroups
without forgoing substantial aggregate benefit.

Outside CAZ, the picture is considerably more mixed. In the
Northern, Southern, and Western Auckland Zones, the utilitarian
approach is preferable in nearly all budget and weighting scenar-
ios. Two structural factors explain this pattern. First, the number
of existing AEDs in these zones is substantially smaller, meaning
that any alternative placement strategy produces larger swings
in both coverage and distributional outcomes, making it difficult
to achieve stable equity improvements. Second, minimum group
coverage in these zones remains extremely low even under the
max-min policy (¢ — co) and at the largest considered budget (p
= 100%), indicating that the worst-off subgroups in these regions
are structurally constrained in a way that additional AEDs alone



Table 6: Optimal ¢ maximizing R(¢, 4) for each zone and budget.

Zone p ¢
A=1 A=2 A=5
10% 1 1 0
20% 0.5 0.5 0
AZ

c 50% 0.5 0.5 0
100% 2 0 0
20% 0 0 0

NAZ 50% 2 0 0
100% 2 0 0
20% 0 0 0

SAZ 50% 0.5 0 0
100% 0 0 0
50% 0 0 0

WAZ 100% 0 0 0

cannot easily resolve. The implication is that equity-aware opti-
mization is most valuable where the existing infrastructure already
provides a meaningful coverage floor for the worst-off groups. This
also the most likely explanation as to why an increase in AEDs does
not always lead to a more equitable distribution. The expectation
was that the underserved groups, which were also groups with
higher incidence rates, would be served by the additional AEDs to
maximize expected coverage. However, the same results as before
applied, where these underserved groups are harder to reach and
therefore a utilitarian approach still preferred the denser areas even
though the incidence rate per capita was lower. These findings
together underscore that simply scaling up the AED network with-
out explicit equity constraints could amplify rather than narrow
existing disparities. Policy makers should therefore be thoughtful
about how to reach these underserved groups. An option could be
to invest in portable AEds that could serve a larger area than the
20 to 100 meters.

I would like to end with several limitations to consider. First, the
analysis relies on simulated OHCA demand derived from published
incidence rates and census demographics rather than individual-
level event data. While the simulation is validated against national
registry estimates and incorporates demographic heterogeneity
at the meshblock level, the underlying assumptions, particularly
the independence of age, sex, and ethnicity within meshblocks,
and the constant male-to-female incidence ratio across age groups,
introduce some degree of uncertainty into the estimated demand
distribution. Moreover, the use of census data implicitly assumes a
static residential population, whereas individuals are not always
present at their registered home locations due to commuting, work,
and mobility patterns. Future work could benefit from access to
geo-referenced individual-level OHCA data to improve reliability
and improve applicability to real-life scenarios.

Second, this study uses the Gini coefficient and the Atkinson
social welfare function as the primary measures of equity. As Marsh
and Schilling [33] document extensively, a wide variety of equity
measures exist in the facility location literature, each encoding
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different assumptions about what constitutes a fair distribution.
Bertsimas et al. [7] further show that the choice of fairness criterion
materially affects where the price of fairness is paid across the
solution space, while Ogryczak [36] demonstrates that different
inequality measures can yield conflicting rankings of the same set
of allocations. It is therefore plausible that the conclusions drawn
here, in particular the optimal value of ¢ and the shape of the
efficiency-equity frontier, would differ under alternative fairness
criteria. Investigating the sensitivity of results to the choice of
equity metric is an important direction for future research, as it
would clarify how robust the identified trade-offs are and whether
different measures align in their policy recommendations.

Lastly, the model does not account for the spatial relationship be-
tween candidate AED locations and existing EMS infrastructure. In
practice, placing an AED in the immediate vicinity of an ambulance
station offers limited marginal benefit, as EMS responders are likely
to arrive with a defibrillator before a bystander could retrieve and
deploy the AED. Incorporating EMS station locations and estimated
response times as constraints or penalties in the coverage function
would allow the model to better differentiate between AED place-
ments that genuinely add value to the pre-hospital response chain
and those that merely overlap with existing EMS coverage. This is
a meaningful extension that could improve both the realism and
the policy relevance of the optimization framework.
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Table 7: Characteristics of NZDep2013 deprivation quintiles

NZDep2013 quintile (1 = least deprived, 5 = most deprived)

1 2 3 4 5 Total
Number of meshblocks 2,023 2,026 1,961 1,991 1,983 9,984
Population 244,500 245,200 233,800 244,900 256,500 1,224,900
Area (km?) 305.3 258.5 184.2 127.3 101.2 976.5
Population density (residents/km?) 800.9 948.5 12693  1923.8  2534.6 1254.4
Number of suspected OHCAs 151 224 236 310 412 1,333
Number of existing AEDs 265 343 452 549 458 2,067

Table 8: Population characteristics and OHCA incidences by ethnicity in Auckland

Population % of stated AEDs AEDs per Suspected OHCAs Suspected OHCAs per
Ethnicity (2013) population (total) 100,000 residents (total) 100,000 person-years
European/other 904,167 73.8% 1,666 184.3 821 90.8
Maori 129,666 10.6% 205 157.9 243 187.4
Pacific 191,055 15.6% 219 114.4 284 148.6

Table 9: Original age-adjusted OHCA incidence rates per 100,000 person-years from Dicker et al. (2019)

Age Group European/Other Maori Pacific Peoples

0-4 0.8 6.0 5.3
5-14 0.5 2.4 0.2
15-24 3.0 11.0 4.0
25-44 8.0 24.0 18.0
45-64 24.5 56.0 41.0
65+ 57.0 45.0 45.0
Total 93.8 144.4 113.5

Table 10: Estimated female OHCA incidence rates per 100,000 Person-Years

Age Group European/Other Maori Pacific Peoples

0-4 2.94 25.14 23.28
5-14 1.80 10.08 0.90

15-24 10.92 46.14 17.58
25-44 29.16 100.68 79.14
45-64 89.40 234.84 180.30
65+ 207.96 188.76 197.94
Average 57.03 100.94 83.19

Table 11: Estimated male OHCA incidence rates per 100,000 Person-Years

Age Group European/Other Maori Pacific Peoples

0-4 6.66 46.86 40.32
5-14 4.20 18.72 1.50

15-24 25.08 85.86 30.42
25-44 66.84 187.32 136.86
45-64 204.60 437.16 311.70
65+ 476.04 351.30 342.12

Average 130.57 187.87 143.82
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7 APPENDIX B: DETAILED RESULTS PER
BUDGET PER ZONE
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Table 12: Central Auckland Zone (p = 20%)

¢ F (+SE) Gini (#SE)  POF  POE R(e1) R(&2) R(s5)
0 0.0633 (£0.0015) 0.3796 (+£0.0084) ref  +27.1% 1.00 1.00 1.00
0.5 0.0626 (£0.0015) 0.3535 (+0.0079) +1.0% +9.9% 2.57 1.28 0.51
1 0.0614 (+0.0014) 0.3382 (£0.0081) +3.0% +2.1% 1.69 0.84 0.34
2 0.0608 (+0.0015) 0.3348 (£0.0080) +3.8% +1.6% 1.34 0.67 0.27
4 0.0599 (+0.0014) 0.3225 (£0.0078) +5.4% —1.9% 1.14 0.57 0.23
oo 0.0570 (£0.0013) 0.3007 (+0.0080) +9.9% ref 1.00 0.50 0.20
Table 13: Central Auckland Zone (p = 50%)
£ F (£SE) Gini (+SE) POF POE R(e1) R(e2) R(e5)
0 0.0832(£0.0017) 0.2990 (£0.0086) ref +157% 1.00  1.00  1.00
0.5 0.0826 (+0.0017) 0.2822 (£0.0085) +0.6% +7.2% 2.69 1.34 0.54
1 0.0810 (+£0.0016) 0.2732 (£0.0088) +2.5% +4.2% 1.19 0.60 0.24
2 0.0815 (+0.0016) 0.2710 (£0.0086) +2.0% +2.0% 1.43 0.71 0.29
4 0.0808 (£0.0016) 0.2657 (£0.0089) +2.8% +2.7% 1.23 0.61 0.25
oo 0.0794 (£0.0015) 0.2558 (+0.0089) +4.6% ref 0.99 0.50 0.20
Table 14: Central Auckland Zone (p = 100%)
£ F (+SE) Gini (+SE) POF  POE R(e1) R(e2) R(e5)
0 0.1153 (£0.0019) 0.2619 (+0.0076) ref +12.2% 1.00 1.00 1.00
0.5 0.1147 (£0.0019) 0.2563 (£0.0075) +0.5% +9.5% 1.04 0.52 0.21
1 0.1136 (+0.0018) 0.2525 (£0.0072) +1.5% +9.4% 0.68 0.34 0.14
2 0.1137 (+£0.0019) 0.2447 (£0.0072) +1.4% +6.2% 1.15 0.57 0.23
4 0.1124 (+0.0018) 0.2388 (£0.0073) +2.5% +5.4% 0.92 0.46 0.18
oo 0.1094 (+0.0018) 0.2190 (+0.0067) +5.1% ref 0.85 0.42 0.17
Table 15: Northern Auckland Zone (p = 20%)
¢ F (£SE) Gini (+SE) ~ POF  POE R(e1) R(52) R(s5)
0 0.0177 (+£0.0008) 0.5543 (+£0.0159) ref —-22.7% 1.00 1.00 1.00
0.5 0.0173 (£0.0007) 0.5488 (£0.0159) +2.2% —2.8% 0.44 0.22 0.09
1 0.0172 (£0.0007) 0.5499 (£0.0161) +2.4% +4.8% 0.33 0.17 0.07
2 0.0171 (+0.0007) 0.5470 (£0.0167) +3.0% +12.0%  0.40 0.20 0.08
4 0.0169 (+£0.0007) 0.5439 (£0.0174) +4.1% +7.6% 0.38 0.19 0.08
oo 0.0171 (£0.0007) 0.5516 (£0.0167) +3.0% ref 0.21 0.10 0.04
Table 16: Northern Auckland Zone (p = 50%)
¢ F (+SE) Gini (+SE) POF POE R(e1) R(e2) R(s5)
0 0.0269 (+£0.0008) 0.5038 (+£0.0165) ref +9.2% 1.00 1.00 1.00
0.5 0.0263 (£0.0008) 0.4887 (£0.0146) +1.9% —1.9% 0.73 0.37 0.15
1 0.0260 (+£0.0009) 0.4870 (£0.0149) +3.1% +16.5% 0.48 0.24 0.10
2 0.0265 (+£0.0009) 0.4917 (£0.0165) +1.3% —5.6% 1.27 0.64 0.25
4 0.0266 (+£0.0009) 0.4975 (£0.0159) +1.0% +2.6% 0.73 0.36 0.15
oo 0.0264 (£0.0010) 0.4844 (+0.0155) +1.8% ref 0.97 0.48 0.19
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Table 17: Northern Auckland Zone (p = 100%)

¢ F (+SE) Gini (¢SE) POF POE R(e1) R(52) R(s5)
0 0.0382 (£0.0012) 0.4214 (+0.0138) ref +2.9% 1.00 1.00 1.00
0.5 0.0378 (£0.0012) 0.4159 (+0.0132) +1.1% -1.6% 0.97 0.48 0.19
1 0.0373 (£0.0012) 0.4130 (£0.0132) +2.4% -5.4% 0.62 0.31 0.12
2 0.0379 (£0.0012) 0.4087 (£0.0129) +0.7% -1.5% 1.78 0.89 0.36
4 0.0379 (£0.0012) 0.4109 (£0.0130) +0.8% +0.2%  1.22 0.61 0.24
oo 0.0375 (£0.0012) 0.4147 (£0.0137) +1.9% ref 0.49 0.24 0.10
Table 18: Southern Auckland Zone (p = 20%)
£ F (£SE) Gini (+SE) POF POE R(e1) R(e2) R(e5)
0 0.0161(£0.0006) 0.5129 (£0.0144) ref +78.4% 1.00 1.00  1.00
0.5 0.0151 (£0.0005) 0.4756 (£0.0149) +6.4% +63.4%  0.68 0.34 0.14
1 0.0151 (+0.0005) 0.4638 (£0.0156) +6.8% +50.6%  0.71 0.35 0.14
2 0.0148 (£0.0005) 0.4617 (£0.0152) +8.1% +39.6% 0.64 032  0.13
4 0.0150 (£0.0005) 0.4539 (£0.0152) +7.4% +34.7% 0.78 0.39 0.16
oo 0.0149 (£0.0006) 0.4584 (+0.0200) +7.6% ref 0.71 0.36 0.14
Table 19: Southern Auckland Zone (p = 50%)
£ F (SE) Gini (+SE) POF POE R(e1) R(e2) R(e5)
0 0.0269 (£0.0008) 0.4699 (+0.0116) ref +73.8%  1.00 1.00 1.00
0.5 0.0252 (£0.0007) 0.4053 (+0.0107) +6.1% +22.9% 1.05 0.52 0.21
1 0.0242 (£0.0007) 0.3955 (+0.0112) +10.1% +3.8% 0.78 0.39 0.16
2 0.0244 (£0.0007) 0.3940 (+0.0102) +9.3% +6.7% 0.83 0.42 0.17
4 0.0240 (£0.0007) 0.3883 (+0.0100) +10.6% —0.7% 0.81 0.41 0.16
oo 0.0237 (£0.0007) 0.3868 (+0.0100) +11.7% ref 0.75 0.38 0.15
Table 20: Southern Auckland Zone (p = 100%)
e F (+SE) Gini (+SE) POF  POE R(e1) R(52) R(&5)
0 0.0433 (£0.0009) 0.4160 (+0.0113) ref +55.8% 1.00 1.00 1.00
0.5 0.0397 (£0.0010) 0.3606 (+0.0106) +8.3% +24.3%  0.90 0.45 0.18
1 0.0391 (£0.0009) 0.3593 (+0.0104) +9.6% +26.3% 0.76 0.38 0.15
2 0.0391 (£0.0009) 0.3522 (£0.0104) +9.5% +20.1% 0.84 0.42 0.17
4 0.0390 (£0.0009) 0.3502 (£0.0100) +9.8% +19.9% 0.85 0.42 0.17
oo 0.0386 (£0.0009) 0.3352 (£0.0101) +10.7% ref 0.93 0.47 0.19
Table 21: Western Auckland Zone (p = 50%)
P F (+SE) Gini (+SE) POF  POE R(s1) R(e2) R(e5)
0 0.0155 (£0.0009) 0.5294 (+0.0146) ref +40.0% 1.00 1.00 1.00
0.5 0.0153 (£0.0009) 0.5218 (+0.0139) +1.1% +35.6% 0.46 0.23 0.09
1 0.0149 (£0.0009) 0.5191 (+0.0143) +4.0% +20.7% 0.31 0.16 0.06
2 0.0147 (£0.0009) 0.5219 (+0.0132) +5.1% +20.1%  0.18 0.09 0.04
4 0.0147 (£0.0009) 0.5173 (£0.0135) +5.2% +4.4% 0.27 0.14 0.05
oo 0.0139 (£0.0012) 0.5221 (+0.0198) +10.4% ref 0.09 0.04 0.02
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Table 22: Western Auckland Zone (p = 100%)

P F (£SE) Gini (#SE)  POF  POE R(e,1) R(e2) R(e5)
0 0.0237 (£0.0011) 0.4965 (£0.0136) ref +23.7% 1.00 1.00  1.00
0.5 0.0229 (£0.0011) 0.4778 (£0.0133) +3.6% —-7.9% 048 024  0.10
1 0.0225(+0.0010) 0.4736 (£0.0131) +5.1% —124% 046 023  0.09
2 0.0223(£0.0011) 0.4731(£0.0123) +6.2% —24% 040 020  0.08
4 0.0218 (£0.0010) 0.4657 (£0.0117) +8.2% —-7.7% 040  0.20  0.08
oo 0.0216 (£0.0009) 0.4663 (£0.0109) +8.9% ref 037 019  0.07

Central Auckland Zone: Spatial Distribution of AEDs and OHCA Events.

Existing AED Network

Optimized AED Network (Relocated)

(a) Central Auckland Zone (CAZ)

Southern Auckland Zone: Spatial Distribution of AEDs and OHCA Events
Optimized AED Notwork (Relocated)

Existing AED Network

(c) Southern Auckland Zone (SAZ)
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Figure 18: Optimized AED placements across Auckland’s urban areas
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Western Auckland Zone: Spatial Distribution of AEDs and OHCA Events.

Existing AED Network

Optimized AED Network (Relocated)

(d) Western Auckland Zone (WAZ)



Figure 19: The min-group coverage under the max-min policy (min, F;(y*(¢ = 0))) for different budget scenarios and urban
areas
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Figure 20: Optimized AED placements under the utilitarian objective for the Central Auckland Zone
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Figure 21: The efficiency-equity frontier for all combinations of urban area and budget. Optimal ¢ values are indicated using
colored circles: green (1 = 1), orange (4 = 2) and red (1 = 5)
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Figure 22: The efficiency-equity frontier for all combinations of urban area and budget. Optimal ¢ values are indicated using
colored circles: green (1 = 1), orange (4 = 2) and red (1 = 5)
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