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Abstract

Emergency response for medical incidents is increasingly extended by community first responder (CFR) systems that
dispatch nearby trained volunteers. The implementation of CFR systems has led to significant decreases in emergency
response times, especially in rural areas where ambulances take longer to arrive. CFR systems that dispatch volunteers to
various emergency types can increase their effectiveness by training their volunteers, enabling these volunteers to provide
first aid for more emergency types. We study the problem of optimizing a CFR system’s training strategy to maximize
its effectiveness given a limited budget, where the effectiveness is measured by the probability that at least one volunteer
arrives before the ambulance for any given incident. We introduce an optimization model that explicitly accounts for
the heterogeneous nature of volunteers’ availability and locations, as well as a solution approach that efficiently obtains
optimal solutions for realistically-sized instances. We apply the optimization approach to a CFR system operating in Lin-
colnshire, United Kingdom. The results show that the optimization approach yields substantially larger improvements in
the CFR system’s effectiveness compared to several intuitive greedy training strategies. Additionally, dispatch restrictions
to limit the workload of volunteers are shown to have important implications for the optimal training strategy.

Highlights

e Community first responder (CFR) systems that dispatch trained volunteers to medical incidents are increasingly imple-
mented to decrease emergency response times. We introduce an optimization approach to optimize the training strategy
of a CFR system under a limited budget to maximize its effectiveness.
We introduce a new metric for the effectiveness of CFR systems that explicitly considers ambulance response times.
We develop an integer programming-based solution approach that efficiently solves realistically-sized instances and
that can also be used for expected coverage optimization.

e Results of a case study on an existing CFR system show that the optimization approach spends training budgets much
more efficiently than several intuitive greedy training strategies.

e We characterize the optimal training strategy for this case study and analyze the impact of dispatch restrictions.
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1 Introduction

The probability of surviving severe medical emergencies
such as out-of-hospital cardiac arrests (OHCAs) can depend
heavily on the emergency response time. Numerous coun-
tries decrease these response times by dispatching commu-
nity first responders (CFRs) in parallel to the ambulance
services. CFRs are medically trained volunteers who can
be alerted when incidents occur in their vicinity. Available
CFRs then go to the incident to provide immediate first aid
until an ambulance arrives. Throughout this paper, we use
the terms “CFRs” and “volunteers” interchangeably.

Existing CFR systems have shown that volunteers could
arrive before the ambulance in a substantial percentage of
incidents and significantly reduce response times [1-4]. The
effectiveness of CFR systems is believed to be largest in
rural areas, where emergency response times are typically
longer [5, 6] and survival rates are significantly lower than
in urban areas [7]. Recent studies confirmed these beliefs
by showing that volunteers arrive before the ambulance
most often in rural areas and that the gap between volunteer
and ambulance arrival times is largest in these areas [8, 9].
CFR systems thus have the potential to reduce inequalities
between urban and rural areas.

Most CFR systems dispatch volunteers only to OHCAs as
these are extremely time-sensitive and require only limited
training. However, dispatching volunteers could be effective
for other emergency types as well. In the UK, for example,
many volunteers have been trained to provide medical assis-
tance for traumatic emergencies, neurological emergencies,
and emergencies caused by cardiovascular diseases [6].
Volunteers could also be trained to intervene during opioid
overdoses and allergic emergencies [10]. Hence, volunteer
response is not always restricted to OHCAs.

Naturally, the medical skills a volunteer must have to
provide first aid vary across emergency types. However,
volunteers’ medical skills can differ considerably, so not all
volunteers can provide first aid for all emergencies. There-
fore, unlike OHCA-only CFR systems, more general CFR
systems typically group volunteers based on their level of
medical training such that volunteers with the same training
level can provide first aid for the same emergency types.

The training levels of volunteers then directly determine
to which emergencies these volunteers can be dispatched.
The more volunteers possess the required medical skills to
attend a certain incident, the higher the probability that at
least one will be available to provide first aid. Therefore,
a volunteer base’s skills directly affect the CFR system’s
effectiveness. And conversely, one can increase a CFR sys-
tem’s effectiveness by training its volunteers.

The budget available for training volunteers, however,
is typically limited as many CFR systems are operated by
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charities. How the available budget is spent directly affects
the system’s effectiveness. Therefore, this study focuses
on the problem of optimizing the training strategy of a
CFR system by deciding which volunteers receive which
training given a limited budget to maximize the system’s
effectiveness.

Two factors complicate the training decisions substan-
tially. First, volunteers’ availability (i.e., whether they are
available to respond when alerted) and locations are highly
uncertain, cannot be controlled, and can vary substantially
among individuals. Whereas many systems within the emer-
gency medical services (EMS) have homogeneous provid-
ers of service for which their location and operations can
be controlled explicitly, volunteers are inherently hetero-
geneous and determine themselves when they are available
and from where they respond. Secondly, there are often
large geographical differences in the number of volunteers,
the number of incidents, and ambulance response times, all
of which impact the potential benefit of training a volunteer.
Finding the optimal training decisions is consequently often
nontrivial.

To manage this complexity, we introduce an optimi-
zation model to decide what training to provide to which
volunteer to maximize a CFR system’s effectiveness with
a given budget, accounting for the unique characteristics of
volunteers and the above-mentioned geographical features.
We introduce a new metric for the effectiveness of CFR
systems: the expected relief, defined as the probability that
at least one volunteer arrives before the ambulance. This
objective not only reflects that volunteers are particularly
valuable when arriving before the ambulance but can also
steer decision-making towards reducing inequalities result-
ing from unevenly distributed ambulance response times.
Many EMS systems focus on maximizing efficiency, but
this typically has the inadvertent consequence of rural areas
being worse off than urban areas [11-13]. Optimizing the
expected relief provides an explicit incentive to train volun-
teers in rural areas because these volunteers are more likely
to arrive before the ambulance [8, 9], potentially reducing
inequalities between urban and rural areas.

We present a nonlinear integer programming formu-
lation of the optimization problem and introduce a solu-
tion approach that efficiently obtains optimal solutions for
realistically-sized instances. This solution approach uses
a piecewise-linear approximation and requires a commer-
cial optimization solver such as Gurobi [14]. Therefore,
our Online supplement presents an alternative solution
approach that efficiently finds near-optimal solutions using
open-source solvers. The problem formulation and solution
approach can also be used to optimize coverage, a perfor-
mance metric commonly used in EMS systems that mea-
sures the fraction of incidents reached within a pre-specified
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response-time target. More specifically, the introduced opti-
mization model is mathematically equivalent to an expected
coverage optimization model with server-specific availabil-
ity. Finally, we demonstrate the performance of our opti-
mization approach through a case study involving the CFR
system of the Lincolnshire Integrated Voluntary Emergency
Service (LIVES) [15].

Our main contribution is introducing the new and
socially relevant optimization problem of deciding how to
train volunteers for a CFR system under a limited budget
to maximize its effectiveness. Despite the rapidly increas-
ing scientific interest in CFR systems, studies optimizing
decision-making within such systems are extremely limited,
especially for long-term decision-making. Moreover, we
develop an efficient solution approach that can also be used
to optimize expected coverage with server-specific avail-
ability, something which has been done only for very small
instances to date in existing literature. Using a case study
on the CFR system of LIVES, we show that the introduced
optimization model substantially outperforms several intui-
tive greedy training strategies.

The remainder of this paper is organized as follows. Sec-
tion 2 discusses the literature relevant to this study. Section
3 presents the optimization approach, while Section 4 pro-
vides an illustrative example demonstrating this approach
and the difficulty of finding the optimal training decisions.
Sections 5 and 6 discuss the case study and the correspond-
ing results. Finally, Section 7 provides concluding remarks.

2 Related work

We first discuss literature on optimizing the effectiveness of
CFR systems in Section 2.1. Moreover, we discuss literature
related to coverage optimization problems within EMS sys-
tems in Section 2.2 as the introduced optimization approach
can also be used to maximize expected coverage.

2.1 CFRsystem optimization

Although the introduction of CFR systems has been asso-
ciated with considerable improvements in health outcomes
- such as survival rates following OHCA [16] - very little
effort has been made to optimize the effectiveness of such
systems. As observed by van den Berg et al. [17], the vast
majority of quantitative studies involving CFR systems ana-
lyze the systems’ impact retrospectively and do not apply
optimization methods to enhance their effectiveness.
Studies introducing optimization models for CFR sys-
tems almost exclusively focus on the dispatch process.
Optimizing dispatch decisions is highly complex due to
the high degree of uncertainty in volunteers’ availability

and behavior, particularly when multiple tasks must be
performed, like providing cardiopulmonary resuscitation
(CPR) and fetching an automated external defibrillator
(AED) for an OHCA. Additionally, as argued by Henderson
et al. [18], it is also important to take into account issues
such as volunteer fatigue.

Matinrad et al. [19] developed an online greedy algo-
rithm to assign tasks to optimize OHCA patients’ survival
probability whilst accounting for uncertainity in volunteer
availability and task compliance. An offline algorithm for
a similar problem aiming to minimize the weighted sum of
task start times was introduced by Matinrad and Andersson
Granberg [20]. A different approach to improve dispatch
decisions for an OHCA-focused CFR system was adopted
by Slaa [21], who developed a simulation model to evalu-
ate various dispatch policies while accounting for different
sources of uncertainty.

The dispatch process focuses on short-term decision-
making. Contrarily, the problem of optimizing volunteer
training focuses on long-term decision-making. Whereas
volunteers’ locations are often known with great accuracy
in the short term due to volunteers providing their real-time
location, there is considerably more uncertainty in their
future whereabouts. Resultingly, in general, optimizing
short-term and long-term decision-making within CFR sys-
tems require different approaches.

To date, only van den Berg et al. [17] focused op opti-
mizing long-term decision-making within CFR systems.
They analytically derived the response-time distribution
of the first-arriving volunteer by modeling the presence of
volunteers as a Poisson point process. This response-time
distribution was subsequently incorporated into an optimi-
zation approach to obtain the spatial distribution of vol-
unteers maximizing incident coverage or patient survival.

Although van den Berg et al. [17] is highly relevant to
this study, their optimization approach cannot be applied
to the problem of optimizing CFR training. This is because
they consider volunteers homogeneous in their medical
skills and availability. When training volunteers, however,
it is crucial to consider such differences in volunteer avail-
ability and medical skills. Therefore, we introduce a new
optimization approach that considers medical skills and
availability to be volunteer-specific.

2.2 Coverage optimization models in EMS systems

This section discusses coverage-based optimization mod-
els used for EMS systems that are most relevant to this
study. General overviews of numerous coverage-based
optimization problems are provided by Brotcorne et al.
[22], Li et al. [23], Farahani et al. [24], and Bélanger et
al. [25].

@ Springer
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One of the first and most influential coverage-based opti-
mization models is the Maximum Coverage Location Prob-
lem (MCLP) introduced by Church and ReVelle [26]. The
MCLP maximizes the number of demand points covered for
a fixed number of servers to be located. One major limita-
tion of the MCLP, however, is that servers are assumed to
be always available. Probabilistic coverage models in which
servers are modeled to be unavailable a certain fraction of
the time, the so-called busy fractions, are commonly used to
overcome this limitation. The most widely adopted proba-
bilistic model is the Maximum Expected Coverage Loca-
tion Problem (MEXCLP) introduced by Daskin [27], which
locates servers to maximize expected covered demand.

The MEXCLP makes several simplifying assumptions:
all servers have the same busy fraction, servers operate
independently, and the busy fractions do not depend on the
decisions of the optimization problem. These assumptions
do not hold in many EMS applications, most notably ambu-
lance location planning [28]. Not addressing these assump-
tions can result in inefficient resource deployments for these
applications, while significant increases in coverage can be
obtained when these assumptions are addressed properly
[29]. Resultingly, many studies have focused on relaxing
the MEXCLP’s simplifying assumptions.

Various studies have incorporated server-specific busy
fractions into the MEXCLP [30-33]. However, doing so
substantially increases the problem complexity, causing
almost all studies to adopt heuristic approaches to find good
rather than optimal solutions.

The most common approach to relax the assumption of
server independence is to incorporate the hypercube model
of Larson [34], or an approximation thereof (e.g. Larson
[35], Jarvis [36], Budge [37]), into the MEXCLP. This
hypercube model quantifies the effects of server dependency
and accurately calculates server-specific busy fractions by
modeling a configuration of servers as a spatial queueing
system. Studies that have incorporated a hypercube model
into variants of the MEXCLP include Batta et al. [28], Say-
dam and Aytug [32], Ingolfsson et al. [33], McLay [38], and
Ansari et al. [39].

Finally, to overcome the limitation of assuming that the
busy fractions are independent of the decisions made, many
studies use an iterative procedure wherein the busy fractions
are recalculated every time a new solution is obtained, after
which the model is re-optimized using the revised busy frac-
tions (e.g. Batta et al. [28], Ingolfsson et al. [33], Ansari et
al. [39]).

Although many studies have focused on overcoming the
MEXCLP’s simplifying assumptions, very few studies have
considered applications such as CFR systems for which
multiple of the MEXCLP’s assumptions are reasonable.
Unlike a centrally-controlled fleet of ambulances, volunteers
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behave independently [10]. Moreover, their availability is
externally determined and generally not impacted by deci-
sion-making in CFR systems because the probability that
volunteers receive simultaneous alerts is generally very low
[17]. This is in stark contrast to many EMS systems, where
servers become unavailable due to being assigned calls.
Hence, only the assumption of homogeneous busy fractions
is unreasonable for CFR systems. Existing studies consid-
ering server-specific busy fractions typically also incorpo-
rate a hypercube model to account for server dependence.
As such, these studies often resort to heuristic approaches
due to the complexity of the corresponding problems. Only
Ingolfsson et al. [33] optimally solve a MEXCLP formula-
tion with server-specific busy fractions. However, only very
small instances could be solved optimally with their opti-
mization approach as shown by van den Berg et al. [40].
Therefore, we develop an optimization model that is math-
ematically equivalent to an expected coverage optimization
problem with server-specific availability, as well as a corre-
sponding solution approach that efficiently obtains optimal
solutions for realistically-sized instances.

3 Problem formulation

This section introduces the optimization problem of decid-
ing how to train the volunteers of a CFR system under a
limited budget to maximize the system’s effectiveness. We
focus on CFR systems where volunteers are dispatched
to multiple emergency types and classified based on their
medical skills. Each class corresponds to a specific training
level. A volunteer’s training level then fully determines the
emergencies to which this volunteer can be dispatched. The
higher the training level, the more medical skills the volun-
teer possesses and the more emergency types the volunteer
can be dispatched to.

The optimization problem subsequently involves select-
ing which volunteers to train and to what level to maximize
the effectiveness of the CFR system given a certain budget.
We use the expected relief, defined as the probability that at
least one volunteer arrives before the ambulance, to mea-
sure the effectiveness of CFR systems.

We have a set of volunteers /" and a set of areas 4 where
emergencies occur. Emergency types can have different
severity levels, denoted by the set S, and different required
training levels, denoted by the set L. The severity of an emer-
gency defines how time-sensitive it is, while the required
training level defines the medical skills a volunteer must
have to be able to provide first aid. Emergency types with the
same severity level can have different required training lev-
els, and vice versa. An incident’s severity and required train-
ing level are not inherently correlated. For example, while
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OHCA is extremely time-sensitive, relatively few medical
skills are required to provide CPR or apply an AED. We also
incorporate a set of time intervals / to account for temporal
patterns in volunteer availability and incident arrivals. We
assume that incidents occur according to a Poisson process.
Let Ay 5,51 denote the arrival rate of incidents within area a
during interval i of severity s with required training level /.
Without loss of generality, we assume that the arrival rates
sum up to 1.

Naturally, volunteers’ availability and whether they can
reach incidents before the ambulance are both highly sto-
chastic. Let p, s, be the probability that volunteer v is
both available and able to reach an incident in area a of
severity s before the ambulance during interval i. This prob-
ability can incorporate multiple sources of uncertainty, such
as uncertainty in volunteer availability, volunteer location,
and ambulance response times. This probability can be esti-
mated in different ways depending on the available data.
LIVES, for example, has data on when volunteers have been
available in the past. Hence, this probability can be obtained
by multiplying the probability that a volunteer is available
by the probability that this volunteer would arrive before the
ambulance for a specific incident when available. The lat-
ter can be estimated using both data on ambulance response
times for historical incidents and information on volunteers’
locations, for example.

Let z,; be a binary decision variable indicating if volun-
teer v has at least training level / after executing the training
decisions. Then, for an incident in area a during interval i of
severity s with required training level /, the expected relief
can be calculated as

E [Relief] = P(At least one volunteer arrives before the ambulance)

=1 — P(No volunteer arrives before the ambulance)
=1— ] (=puass)

vEV:izy =1
. 1
=1- H (1= Po,a,s,i * 201) ( )

veV

1= TT0 = P

veV

Several assumptions are made within this expression.
First, we assume that the probabilities with which vol-
unteers can reach the incident before the ambulance are
independent because volunteers generally behave autono-
mously [10]. To verify this assumption, we show that the
availability of LIVES’ volunteers is generally indepen-
dent in the Online supplement. The reliance on ambulance
response times introduces some dependency in the prob-
abilities with which volunteers arrive before the ambu-
lance. However, the degree of dependency is likely to be
limited as volunteers are only dispatched when close to
an incident. Second, we assume that volunteers do not
receive simultaneous alerts, since the probability of this is

generally very low [17]. Third, it is implicitly assumed that
multiple volunteers are dispatched to the same incident or
that it is known which volunteers can arrive before the
ambulance at the time of dispatching. This assumption is
reasonable for CFR systems since almost always multiple
volunteers are dispatched to a single incident and increas-
ingly the real-time locations of volunteers are tracked,
allowing for a reasonable estimate of which volunteers
could arrive before the ambulance. Finally, we must have
that p, 45 <1V v €V as otherwise Eq. 1 is undefined.
However, this requirement is non-restrictive as py q,s.
equals 1 only if this volunteer is always available and
always arrives before the ambulance, something which is
highly unrealistic in practical applications and could oth-
erwise easily be accounted for in the optimization model.

Equation 1 cannot be optimized directly as it is highly
nonlinear with respect to the decision variables. Therefore,
we rewrite Eq. 1 in the following way.

E [Relief] =1- H (1 _pv,a,s,i)zv’l
veV

=1—exp (ln (H (1- pua,s,i)“"l))
veV

(2)
=1-—exp (Z In((1— pv,aﬁs,i)%l))

veV

=1—exp (Z Zyy - In (1 — pv7a,s7i)> .

veV

It is required once more that p, 4 s; <1V v € V as other-
wise Eq. 2 is undefined.

Equation 2 specifies the expected relief for a specific area
a, severity level s, required training level /, and interval i.
The system-wide expected relief can be calculated as

ﬂw_ZZZZMW(uHuWWmﬂ 3)

acAiel seSlel veV

)33 e <1 — exp <Z Zua I (1 fpm,s,z))) : )

acAiel seSIeL veV

It is easy to see that maximizing Eq. 4 is mathematically
equivalent to minimizing

Z Z Z Z )\a,i,s,l + €Xp (Z Zu,l * In (1 - pv,a,s,i)) . (5)

a€A i€l seSIleL veV

Maximizing the system-wide expected relief is thus mathe-
matically equivalent to minimizing a weighted sum of expo-
nential functions, which can be well approximated using
piecewise linear approximation. Therefore, optimization

@ Springer
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solvers like Gurobi can directly optimize the system-wide
expected relief by using Eq. 4.

To formulate the entire optimization problem, let
t, be the starting training level of volunteer v and let
Wy, :={leL:l>t,} be the levels volunteer v can be
trained to, including the possibility to keep volunteer v at
the current training level. Define z,,; for v € V,l € W, as
the decision variable of whether volunteer v is trained to
level I. Finally, let B denote the available training budget
and let ¢;, ;, denote the cost of training a volunteer from
level I to level ls > [;. The optimization problem can then
be formulated as

Maximize

Y S (1 - (z a1 ,p>>> ©)

acA i€l seSlel veV

Subject to

Z ZCUJ =1 Yov S 14 (7)
leWw,

Z Z Ty,l * Ctyl <B (8)
veV IleWw,

vl = Z Loyl YveV,lel ©9)

UVeWw,:l'>1

v, €{0,1}  VYweV,ieWw, (10)
zp1 €{0,1} YveV,leL (11)

Constraint 7 ensures that exactly one training option is cho-
sen for each volunteer. Constraint 8 enforces the budget
constraint. Constraint 9 ensures the connection between the
x and the z variables. Note that this constraint results from
the hierarchical training structure. If desired, the model can
be adapted to accommodate any arbitrary training structure
without increasing problem complexity. We provide this
modified optimization model in the Online supplement.
Finally, Constraints 10 and 11 impose the integrality con-
straints of the decision variables. Note that a feasible solu-
tion to this problem always exists if maintaining a volunteer
at the current training level does not incur any costs.

Table 1 Input parameters of the illustrative example. The arrival rate
and current expected relief hold for the area in which the correspond-
ing volunteer is located

Availability  Arrival rate

Current expected relief

Volunteer 1  10% 100 0.5
Volunteer 2 20% 45 0.5
Volunteer 3 10% 45 0.1

@ Springer

As mentioned, optimal solutions for realistically-sized
instances can be obtained efficiently using piecewise linear
approximation. Although using piecewise linear approxi-
mation might induce an approximation error, we provide a
theoretical upper bound in the Online supplement showing
that potential approximation errors are negligible.

One limitation of the optimization model is that it
requires an optimization solver capable of solving nonlin-
ear problems or large-scale linear problems approximating
the nonlinear problem. Many CFR systems are operated by
organizations with limited financial funds and are therefore
unlikely to acquire such solvers. As an alternative, in the
Online supplement, we present a different, more compact,
linearized formulation that can be implemented with open-
source solvers. Although this alternative formulation has a
theoretically unbounded approximation error, we also pro-
vide a numerical analysis in the Online supplement showing
that this alternative formulation provides near-optimal solu-
tions very efficiently.

Finally, the introduced optimization model can also
be used to optimize the expected coverage when defining
Du,a,s,i t0 be the probability that volunteer v can cover an
incident of severity s occurring in area @ during interval i.

4 lllustrative example

This section discusses an example to demonstrate the opti-
mization approach and the difficulty of selecting which
volunteers to train. Before discussing the example, how-
ever, it is important to highlight that three characteristics of
volunteers generally determine the value of training them:
their availability, the number of incidents occurring in their
vicinity, and their ability to reach incidents that relatively
few other volunteers can reach. This example illustrates
that each characteristic can be most important for deciding
which volunteers to train and that, for a specific instance, it
is generally not clear which characteristic is most important.

We consider the choice of training one of three volun-
teers. These volunteers can only be dispatched to incidents
when trained. Each volunteer is located in a distinct area and
can arrive before the ambulance only for incidents in this
area. We assume that volunteers always arrive before the
ambulance in their respective areas when dispatched; how-
ever, as long as all three volunteers have the same probabil-
ity of arriving before the ambulance, this probability does
not affect the outcomes of the example. For simplicity, time
intervals and severity levels are not considered.

The input parameters are provided in Table 1. The areas
already have a non-zero expected relief due to other trained
volunteers. As can be seen, each volunteer stands out with
respect to one of the three abovementioned characteristics.
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The system-wide expected relief before train-
ing one of the three volunteers, which is the weighted
average of the expected relief across all areas, equals
100-0.54+45-0.54+45-0.1

100+45+45
unteer will arrive before the ambulance in roughly 40% of all
incidents. Training Volunteer 1 increases the expected relief
ofthe correspondingareatol — (1 — 0.5) - (1 — 0.1) = 0.55
, which in turn increases the system-wide expected relief to

~ 0.405, meaning that at least one vol-

100-0.55+45-0.5+45-0.1
100+45+45

that the system-wide expected relief increases to 0.429 or
0.427 when training Volunteer 2 or 3, respectively. Hence,
it is optimal to train Volunteer 1. The high arrival rate of the
area in which Volunteer 1 is located is thus the most impor-
tant determinant of the training decision.

However, a different conclusion arises when the input
of the instance changes slightly. Consider the scenario in
which the arrival rates of all three areas increase by 15 (i.e.,
the arrival rates become 115, 60, and 60). It would no longer
be optimal to train Volunteer 1. Instead, performing similar
calculations as above yields that it is optimal to train Volun-
teer 2, indicating that the higher availability of Volunteer 2
is the most important determinant of the training decision in
this scenario.

Now consider the scenario in which the expected relief
provided by existing volunteers is 0.2 higher for all three
areas compared to the baseline (i.e., the current expected
reliefs are 0.7, 0.7, and 0.3). It is optimal to train Volunteer
3 in this scenario. Therefore, the low expected relief of the
area in which Volunteer 3 is located is the most important
determinant of the training decision in this case.

Even for a highly simplified case, it is thus not immedi-
ately clear which volunteer should be trained to maximize
the CFR system’s effectiveness, highlighting the need for an
optimization approach to make informed training decisions.

~ 0.432. Similar calculations yield

5 Case description

This section provides the details of the case study performed
in collaboration with LIVES. LIVES is a charity provid-
ing first aid for medical emergencies within Lincolnshire,
United Kingdom [15]. Lincolnshire is a primarily rural area
of approximately 7,000 km? with a population of 1.1 mil-
lion, yielding an average density of roughly 150 people
per km?. One of the main ways LIVES provides first aid
is through its CFR system. LIVES’ CFRs are dispatched
to various emergency types, such as strokes, hemorrhages,
traffic accidents, and traumatic emergencies. The volunteers
collectively provide medical assistance for 15 to 20 inci-
dents per day on average.

LIVES’s volunteers have various medical backgrounds,
ranging from individuals with a medical profession to indi-
viduals without any medical skills prior to becoming a CFR.
The volunteers are classified into 8 classes corresponding to
8 different training levels. The higher the level of a class,
the more medical skills volunteers within this class have,
and the more emergency types they can be dispatched to.
Due to having relatively few medical skills, volunteers with
training level 1 can only be dispatched when at least one
volunteer of level 2 or higher is also dispatched. Hence, in
this case study, volunteers of level 1 cannot provide relief to
any incident unless they are trained to a higher level.

LIVES trains its volunteers up to level 4 internally [41].
Although volunteers can be trained to level 5 or higher, this
requires substantial external training and is very rare. Vol-
unteers of level 5 or higher are almost exclusively off-duty
medical professionals who already had extensive medical
skills when becoming a CFR. Therefore, we only consider
training volunteers up to level 4.

LIVES’ volunteers are committed to being available for
at least 16 hours per month [42]. This is a minimum require-
ment, with many volunteers being available much more.
When available, a volunteer is expected to go to an incident
when alerted. Volunteers communicate their availability
directly to the dispatch center, which is under the control
of the ambulance control center. Note that this causes only
the real-time availability to be deterministic; the long-term
availability of volunteers remains highly uncertain and
requires the probabilistic modeling approach introduced
previously. Volunteers determine themselves which inci-
dents in terms of severity they are available for. Emergency
types are classified into three different severity levels (i.e.,
S :={1,2,3}). Severity levels 1, 2, and 3 represent high,
medium, and low time-sensitive incidents, respectively.
Volunteers can indicate that they are available only for inci-
dents of severity 1, only for incidents of severity 1 or 2, or
for all incidents. This is because volunteers may not want to
be dispatched to less severe incidents to keep the impact on
their personal lives acceptable.

The volunteers also communicate their real-time loca-
tion to the dispatcher. Volunteers have a fixed base loca-
tion from which they respond most often, but they inform
the dispatcher when they respond from a different location.
The dispatcher thus knows which volunteers are available
and their locations at any point in time. When an incident
occurs near an available volunteer, the dispatcher can alert
this volunteer if the volunteer has at least the required train-
ing level, the incident is declared safe, and the volunteer is
within 10 kilometers of the incident. Although volunteers
have the right to decline an alert, this is extremely rare.
Hence, we assume that volunteers always go to the incident
when dispatched. Although this is a strong assumption for
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CFR systems in general, it is reasonable for LIVES since
dispatchers only reach out to available volunteers and are
very rarely declined.

5.1 Data description and parameter estimation

LIVES has provided historical data on incidents to which
at least one volunteer has been dispatched, as well as vol-
unteer-specific data such as their availability over time,
training levels, and base locations. LIVES also provided the
costs of training volunteers from level /; to level lo as well
as the yearly training budget. Keeping volunteers at their
current training levels does not incur any costs.

The incident data spans from April 2020 until Novem-
ber 2023 and includes 21,755 incidents. The incident data
contains information on the emergency type, location, and
timestamps on the emergency call time, CFR dispatch time,
and ambulance arrival time. We exclude 1,396 incidents due
to either missing information or occurring outside Lincoln-
shire. The incident data has been anonymized by aggregat-
ing incident locations per postal code.

The volunteer availability data spans from January 2022
until November 2023 and includes 238 volunteers having
13,205 sessions collectively, where each session represents
one uninterrupted period during which a specific volunteer
was available. For each session, the data specifies the start
and end times of this period and for which severity levels
the volunteer was available. We exclude 46 volunteers who
have fewer than five sessions or for whom the current train-
ing level or base location is unknown, as the input parame-
ters cannot be estimated accurately for these volunteers. The
remaining 192 volunteers collectively have 13,006 sessions
in the availability data. The average duration of a session
is approximately 9.5 hours. The availability of volunteers
can differ substantially: whereas the average probability of
being available is 0.052 across all volunteers, the volunteer
with the highest availability is available more than half of
the time.

Both incident arrivals and volunteer availability display
strong daily patterns. They are lowest during nighttime,
highest in the evening, and at intermediate levels during
daytime. We use three different intervals to capture these
patterns, which span from 00:00 until 09:00, from 09:00
until 17:00, and from 17:00 until 00:00. No distinction for
the day of the week is made since neither incident arrivals
nor volunteer availability displayed substantial differences.
Using three intervals reduced the variability within each
interval in terms of arrival rates and volunteer availability
levels considerably compared to using a single interval.
Additionally, the intervals do not contain any systematic
patterns, such as some volunteers always being available
at the beginning of an interval and some volunteers always
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being available at the end of an interval. Although using
more than three intervals marginally further decreased the
variance within intervals, we decided not to use more than
three intervals to maintain sufficient data per parameter and
limit the risk of overfitting.

We use the 2021 Middle Layer Super Output Areas
(MSOAs) within Lincolnshire as the set of areas [43].
MSOA:s are areas used for reporting census statistics and are
constructed to generally have a population between 5,000
and 15,000 [44]. There are 133 MSOAs within Lincolnshire.

We combine the incident data with population statistics
to estimate the arrival rates. This is because the incident
data contains a selection bias as it does not include inci-
dents for which no volunteer was dispatched. Hence, we
use population statistics to calculate the total arrival rate per
area and use the incident data to determine the distributions
with respect to the emergency types and time intervals. A
detailed explanation of the estimation process is provided in
the Online supplement.

To estimate the relief probabilities (i.e., the probabili-
ties with which volunteers arrive before the ambulance),
we distinguish between uncertainty in volunteer availabil-
ity and uncertainty in whether volunteers can arrive before
the ambulance when available. Let le;,i,s be the probability
that volunteer v is available to be dispatched to incidents of
severity s during interval 7 and let pg’aﬁs be the probability

with which volunteer v arrives before the ambulance for an
incident of severity s within area a when available. Then,
assuming that both sources of uncertainty are independent,
the relief probabilities can be calculated as

_ 1 2
Pv,a,s,i = pv7i,s ' pv7a,s'

The parameters p}mys are estimated as the historical prob-

ability that volunteer v was available to respond to an inci-
dent of severity s during interval i. We do not consider
the possibility of volunteers receiving simultaneous alerts
as the probability of this happening is generally very low
[17]. By letting the availability probabilities depend on the
severity levels, we directly account for the possibility that
volunteers are available only for highly urgent incidents.
Note that these availability probabilities are independent
of the training decisions because there is no inherent corre-
lation between the severity level and the required training
level of an incident. The parameters p%yays are estimated

as the fraction of historical incidents in area a of sever-
ity s for which volunteer v could have arrived before the
ambulance. These parameters account for the fact that
volunteers could only have arrived before the ambulance
when they were within 10 kilometers of the incident, as
otherwise they would not have been dispatched. Hence, a

single volunteer v will have relatively few non-zero p; ,
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parameters in practice. The Online supplement provides
a more detailed explanation of how the parameters are
estimated. Finally, for each volunteer v the set W, can be
determined directly based on the current training levels of
the volunteer.

The volunteers’ availability and normalized demand den-
sities are shown in Fig. 1a and b. These figures highlight the
large geographical differences in volunteer availability and
demand density, underlining the importance of accounting
for these geographical differences.

5.2 Alternative training strategies

We also analyze three intuitive training strategies that likely
resemble approaches adopted in practice more closely. Each
strategy focuses on one specific important characteristic of
volunteers as discussed previously: their availability, the
number of incidents occurring in their vicinity, or their abil-
ity to reach incidents that relatively few other volunteers can
reach. These three training strategies greedily select vol-
unteers until there is no budget left. Specifically, the three
strategies work as follows.

o The availability heuristic greedily selects the volunteer
with the highest average probability of being available.

o The demand heuristic greedily selects the volunteer with
the most past incidents that have occurred within 10 km,
where ties are broken based on volunteer availability.
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(a) Volunteers’ base locations and availability. The buffer

e The remoteness heuristic greedily selects the volunteer
for which the incidents that have occurred within 10 km
have the smallest average number of other volunteers
located within 10 km. Again, ties are broken based on
volunteer availability.

6 Numerical results

This section presents the numerical results of the case study.
We used the optimization approach based on piecewise
linear approximation to obtain the optimal solutions. All
computations were performed on an Intel(R) Core(TM) it-
1265U laptop with 16GB of RAM using Gurobi 12.0.0 as
the optimization solver.

6.1 Optimizing a one-year budget

The system-wide expected relief is 0.169 before training
any volunteers, meaning that at least one volunteer will
arrive before the ambulance in approximately 17% of the
incidents. The average initial expected relief (i.e., the aver-
age expected relief before training volunteers) varies con-
siderably per area as shown in Fig. 2a. The median initial
expected relief is 0.148, with values ranging from 0.008 to
0.594 (IQR =[0.088, 0.234]). The initial expected relief per
area is positively associated with population density, having
a correlation coefficient of 0.393.
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(b) Normalized demand density

around each volunteer represents the area in which this volun-
teer can be dispatched, where the darker the buffer, the higher

the availability of the corresponding volunteer

Fig. 1 Volunteer availability and normalized demand density
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Fig. 2 Results of the optimization model for a one-year budget

Optimally spending a one-year budget increases the sys-
tem-wide expected relief to 0.228, a 34.7% improvement.
Training all volunteers to level 4, which would require 3.61
times the yearly budget, would increase the system-wide
expected relief to 0.251. This implies that already 70% of
the maximum expected relief increase can be obtained by
spending a one-year budget optimally.

Figure 2c shows that the absolute increase in expected
relief also varies considerably across areas. Whereas for
some areas the average expected relief does not increase,
for other areas the average expected relief increases by
0.159. The median increase is 0.054 (IQR =[0.020, 0.097]).
Interestingly, the expected relief increase is also positively
associated with population density, having a correlation
coefficient of 0.489. This is especially surprising as vol-
unteers in rural areas have a higher probability of arriving
before the ambulance than volunteers in urban areas due to
longer ambulance response times in rural areas. Three fac-
tors combined explain the positive correlation between the
expected relief increase and population density.

First, ambulance response times in Lincolnshire are
very high in general. For severity 2 incidents, which con-
stitute the majority of all incidents, the average ambulance
response time is almost one hour [45]. This results in all
volunteers, even ones in urban areas, having a high chance
of arriving before the ambulance because they are only dis-
patched to incidents in a 10-kilometer range. Even in the
most densely populated areas, volunteers arrive before the
ambulance in over 50% of all severity 1 incidents.

Second, volunteers in densely populated areas have far
more incidents occurring within 10 kilometers than those
in sparsely populated areas. Hence, the incentive to train
volunteers in rural areas created by them having a higher
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Table 2 Average expected relief per training level

Level 2 Level 3 Level 4
Expected relief before training 0.249 0.193 0.091
Expected relief after training 0.251 0.231 0.208

probability of arriving before the ambulance is not large
enough to compensate for the large differences in demand
densities.

This is also evident from the fact that optimizing
expected coverage using the same response-time targets as
the National Health Service (NHS) yields the exact same
optimal solution as optimizing the expected relief (the full
results for coverage optimization are provided in the Online
supplement). Hence, although optimizing expected relief
explicitly accounts for ambulance response times - unlike
expected coverage, which considers the CFR system in iso-
lation - the impact of the ambulance response times is not
large enough to lead to different optimal training decisions.
However, note that this is not necessarily undesirable as it
implies that there is no trade-off between improving cover-
age or relief because both can be improved simultaneously.

Third, although the initial expected relief is higher in
densely populated areas than in sparsely populated areas,
the average initial expected relief is relatively low in all
areas for incidents that require training level 4. As can be
seen in Table 2, the average initial expected relief for inci-
dents requiring level 4 is less than half of the initial expected
relief for incidents requiring level 3. Hence, relatively large
expected relief improvements could be obtained by training
volunteers to level 4, even in densely populated areas. This
argument is supported by the fact that all volunteers selected
to be trained in the optimal solution are trained to level 4 as
shown in Table 3.
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Table 3 Contingency table of old training levels (rows) and new train-
ing levels (columns)

Level 1 Level2 Level3 Level4 Level
5or
higher

Level 1 0 0 0 1 0
Level 2 0 48 0 15 0
Level 3 0 0 48 22 0
Level 4 0 0 0 31 0
Level 5 or 0 0 0 0 27
higher

These three factors combined make it optimal to train
relatively many volunteers in densely populated areas.
Therefore, the expected relief increases more in densely
populated areas than in sparsely populated areas, despite
their higher initial expected relief and shorter ambulance
response times.

Recall that the value of training volunteers mainly
depends on the number of incidents they can reach before
the ambulance, their ability to reach incidents that relatively
few other volunteers can reach, and their availability. The
fact that trained volunteers are mainly located in densely
populated areas suggests that trained volunteers can reach
relatively many incidents before the ambulance, but not
necessarily incidents that relatively few other volunteers
can reach before the ambulance. Indeed, when available,
trained volunteers could reach 6.9% of all incidents before
the ambulance on average, whereas this is only 3.7% for
untrained volunteers (i.e., volunteers of level 3 or lower
who are not selected to be trained in the optimal solution).
Moreover, incidents that trained volunteers can reach before
the ambulance have an average initial expected relief of

Expected relief as a function of the training budget
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Fig. 3 Performance of the alternative training strategies

0.204, whereas this is 0.169 on average for incidents that
untrained volunteers can reach before the ambulance. The
largest difference between trained and untrained volunteers,
however, regards their availability. Trained volunteers are
available 7.7% of the time on average, whereas this is only
2.3% for untrained volunteers. Therefore, the availability of
volunteers is the most important determinant of the training
decisions in this case study, followed by the number of inci-
dents occurring near a volunteer.

6.2 Performance of the alternative training
strategies

Figure 3a displays the expected relief of the solutions
obtained by the alternative training strategies as a func-
tion of the training budget. Before analyzing the alterna-
tive training strategies’ performance, however, note that the
expected relief is not a non-decreasing function of the train-
ing budget for these strategies. This results from a misalign-
ment between the selection and evaluation metrics. The
alternative training strategies represent intuitive approaches
that select volunteers based on one of their three desir-
able characteristics and not on the expected relief increase.
Therefore, when different trainings have different costs, as
is the case in this case study, increasing the training budget
can lead to another volunteer being trained, who yielded a
lower expected relief increase despite having a better value
on the selection metric. Moreover, note that the marginal
expected relief increase as a result of more budget being
available generally decreases for the optimal solution. This
is because the optimization model selects the volunteers
enabling the greatest increase in the expected relief for a
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(b) Relative improvement ratios, measured as the fraction of
the optimal expected relief improvement that is obtained by
the heuristics with the same budget
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given budget. When training a specific set of volunteers, the
potential increase in the expected relief resulting from train-
ing a different volunteer cannot increase, causing the mar-
ginal expected relief increase resulting from more budget
being available to be broadly decreasing.

When analyzing the performance of the alternative train-
ing strategies, there is a clear order in performance. The
availability heuristic performs best, the demand heuristic
performs second best, and the remoteness heuristic per-
forms worst. The distance to the optimal objective value is
typically twice as large for the demand heuristic as for the
availability heuristic, whereas this is even more than four
times as large for the remoteness heuristic. Although the
performance of the alternative training strategies is roughly
similar when 3.5 times the yearly budget is used, this is
because nearly all volunteers can be fully trained in this
case, rendering the order in which volunteers are selected
unimportant.

The Availability heuristic provides solutions for which
the expected relief is typically within 0.01 of the optimal
expected relief. Although this limited absolute difference
might suggest near-optimal performance, analyzing how
efficiently the different strategies spend the training budget
shows that the performance difference is much larger. Fig-
ure 3b shows that the optimization model spends the train-
ing budget much more efficiently than the heuristics for a
wide range of budgets. The increase in the expected relief is
more than 15% lower for the Availability heuristic than for
the optimization model when a one-year training budget is
used, whereas this is 35% and 80% lower for the Demand
heuristic and the Remoteness heuristic, respectively. This
indicates that considering only a single characteristic of vol-
unteers leads to an inefficient spending of the limited train-
ing budget, with the degree of inefficiency depending on the
specific characteristic considered.

6.3 Imposing additional dispatch restrictions

All volunteers selected to be trained are trained to level 4
in the optimal solution. Although the alert frequency of a
single volunteer is typically low because volunteers are
only alerted for incidents within 10 kilometers, this train-
ing strategy might increase the risk of overburdening vol-
unteers. This is because the higher the training level of a
volunteer, the more emergency types this volunteer could
be dispatched to due to the hierarchical training structure.
Therefore, higher-level volunteers will be dispatched more
often than lower-level volunteers on average, all else being
equal.

The dispatch center recognizes the risk of overburdening
volunteers and already acts upon it by dispatching lower-
level volunteers if multiple volunteers are available and
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sufficiently close. The optimization model allows for the
analysis of the impact of similar dispatch restrictions. Spe-
cifically, by adjusting Constraint 9, it is possible to incorpo-
rate the restriction that volunteers can be dispatched only
to incidents for which the required training level is at most
n levels lower than their own. We have analyzed multiple
scenarios with different values of 7 in the Online supple-
ment. The results show that although the availability of vol-
unteers remains the most important characteristic on which
volunteers are selected in all scenarios, dispatch restrictions
can have strong implications for how much, where, and to
what level volunteers should be trained. It is thus impor-
tant to take dispatch restrictions into account when training
volunteers.

7 Conclusion and discussion

CFR systems provide a relatively new but potentially very
effective opportunity to reduce emergency response times,
especially in rural areas where ambulances often take longer
to arrive. We studied a new optimization problem relevant
to CFR systems: the problem of selecting what training to
provide to which volunteer to maximize a CFR system’s
effectiveness given a certain budget. We measured the
effectiveness of CFR systems by the expected relief: the
probability that at least one volunteer arrives before the
ambulance. We introduced a problem formulation that takes
into account the unique and heterogeneous characteristics
of volunteers, as well as important geographical differ-
ences. Additionally, we developed a solution approach that
efficiently obtains optimal solutions for realistically-sized
instances and that can also be used for expected coverage
optimization problems with server-specific availability.

We subsequently used the optimization model to find
the optimal training decisions for LIVES’ CFR system.
The results show that training highly available volunteers
in densely populated areas maximizes the effectiveness of
LIVES’ CFR system. The availability of volunteers remains
the most important characteristic upon which volunteers
are selected even when dispatch restrictions are imposed;
however, such dispatch restrictions have important implica-
tions for how much, where, and to what level volunteers
should be trained. These results are specific to LIVES” CFR
system, which has some unique features, such as volun-
teers who only very rarely decline an alert when they have
indicated that they are available. However, the optimiza-
tion approach can be adapted rather easily to accommodate
different CFR systems with different characteristics. For
example, the relief probabilities are sufficiently generic to
incorporate additional sources of uncertainty, such as uncer-
tainty in whether volunteers accept alerts.
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Besides these insights regarding the optimal training
strategy, this work also resulted in several valuable practi-
cal insights. First and foremost, this work underscored the
importance of high-quality data and the awareness of poten-
tial biases. Specifically, LIVES’ incident data did not con-
tain any incidents for which no CFR was dispatched. This
created a significant selection bias in the data, which needed
to be accounted for when estimating the model parameters
to provide an accurate representation of reality. With this
insight, LIVES recently intensified its collaboration with the
ambulance dispatch center to enhance data sharing, as well
as its efforts to find CFR-specific patterns in data. Addition-
ally, our search for suitable metrics to measure the effective-
ness of a CFR system contributed to a renewed discussion
within LIVES on the value of volunteers and the impact of
their interventions.

There are several promising directions for future research.
First, the main limitation of the optimization model is that
it is designed to make one-shot decisions. In reality, train-
ing volunteers is a continuous process with regular train-
ing opportunities. Amongst others, this implies that several
key inputs for the optimization model, such as the volunteer
base, the availability of volunteers, and the incident arrivals,
will likely change over time. Additionally, the long timescale
complicates accurate parameter estimation and increases the
risk of suboptimal out-of-sample performance. We sought
to limit biases when estimating the arrival rates by combin-
ing the incident data with population statistics. However,
the relatively short period covered by the availability data
did not allow us to incorporate changing volunteer behavior,
nor to analyze out-of-sample performance. As such, future
research could extend the optimization approach to a multi-
period setting and analyze out-of-sample performance. This
could, for example, be done by incorporating the optimiza-
tion approach into an iterative framework where the model
is used every time new training decisions need to be made.
This would allow for the opportunity to continuously act
upon changes that occur gradually over time and to revise
model parameters with the most recent data each time new
training decisions are made, potentially decreasing model
inaccuracies and the risk of poor out-of-sample performance
caused by dynamics such as changing volunteer behavior.
Alternatively, the optimization model could be extended to
a multiple-period setting with period-specific budgets avail-
able for training volunteers. Such an approach could bet-
ter coordinate volunteer training over multiple periods and
allows for incorporating additional practical considerations,
such as limiting the amount of training per volunteer per
time period.

A second direction for future research would be to more
explicitly balance the well-known efficiency-equity trade-
off. Although optimizing the expected relief provides an

explicit incentive to train volunteers in rural areas because
these volunteers are more likely to arrive before the ambu-
lance, this incentive was not large enough in the case study
of LIVES to impact the training decisions; most trained
volunteers were located in urban areas, thereby increasing
rather than decreasing inequalities between urban and rural
areas. If one were to design a solution more favorable to
rural regions, this would result in reduced effectiveness - a
phenomenon known as the price of fairness [46]. The mag-
nitude of this price can roughly be estimated from the gap
between the optimal solution and the remoteness heuris-
tic seen in Fig. 3a. Several approaches used for optimiza-
tion problems in different EMS systems to better balance
the efficiency-equity trade-off could also be extended to
the optimization model presented in this study. Examples
include using multi-objective optimization [11-13, 47, 48],
modifying the objective to give more weight to worse-off
areas [49], optimizing the objective for the worst-off area
[50], optimizing some fairness metric such as the Gini coef-
ficient [51] or the average Envy [52], or enforcing equity
constraints [50].

Finally, future research could focus on relaxing the
assumption of independent servers. Although this assump-
tion is more than reasonable for CFR systems, this is not the
case for many other EMS systems. To the best of our knowl-
edge, the optimization approach presented in this study is
the first approach capable of solving realistically-sized
instances for expected coverage optimization problems with
server-specific busy fractions. An interesting extension of
this research would be to extend the optimization approach
to settings with server dependency. Doing so would not
only make the optimization approach much more applicable
for other EMS dsystems, but would also make it possible
to study how coordinating volunteer availability impacts a
CFR system’s effectiveness, for example.
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