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Abstract: A mathematical model for the analysis of an emergency medical
service (EMS) system with a specific number of advanced life support units
(ALS) and a specific number of basic life support (BLS) units is presented in
this paper. The system admits incoming emergency calls which are divided into
two classes: 1) urgent, high-priority calls for which the patient’s life is
potentially at risk; 2) less urgent low-priority calls. Under a suitable cost
structure, the system is modelled using an appropriate Markov decision process
in continuous time for which we seek a stationary policy that minimises a
predefined optimality criterion for vehicle mixes over a set of candidate
ambulance fleets. Based on this formulation, it is possible to implement
standard Markov decision algorithms, such as the standard value-iteration
algorithm and the standard policy-iteration algorithm. A sensitivity analysis of
some model parameters is provided to examine their effect in the vehicle mix
and in the cost of the system. An integer programming formulation is also
provided for the corresponding location-allocation problem of the model.
Numerical results are also presented for the examined problem.
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1 Introduction and literature review

Emergency medical service (EMS) system, most commonly known as EMS, is a system
that provides emergency medical pre-hospital care. It is activated by an incident that
causes serious illness or injury. The primary goal of EMS is to provide patients with
emergency medical care and to transfer them in the hospital. The process of an EMS
system is depicted in Figure 1.

Figure 1 The process of an EMS system
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There are two general types of EMS models used in many countries; the Anglo-American
and the Franco-German system (see Dick, 2003). The Franco-German system is a
Physician-EMS-based model that enables a doctor and an EMS to evaluate and treat a
patient on the scene of a medical emergency. The patient can be taken to a hospital or
clinic if further evaluation is required. It is widely adopted in European countries
such as Germany, France, Greece, Malta and Austria (see Al-Shagsi, 2010). The
Anglo-American model, on the other hand, consists of ambulances staffed with
emergency medical technicians (EMTs) and paramedics trained in basic, intermediate
and advanced life support (ALS). It could be found in the USA, Canada, New Zealand,
Oman and Australia (see Al-Shagsi, 2010).

The basic component in these systems is the ambulances, which are responsible for
providing pre-hospital care. There are two basic types of ambulances: the ALS
ambulances and the basic life support (BLS) ambulances. BLS is staffed by EMTs and it
is associated with the ‘load and go’ philosophy providing non-invasive basic
interventions and rapid transport to definitive health care facility. ALS has a paramedic
on board (some countries require a higher level of care and they employ a physician
among the staff) along with a EMTs and it fits more with the ‘stay and stabilise’
approach. It includes all the BLS procedures with the addition of invasive procedures
such as intravenous line placement, fluid replacement, needle-chest decompression and
others. Several reports have been published by researchers comparing the effectiveness of
ALS and BLS in many medical situations. Indicatively, we mention Nguyen-Van-Tam
et al. (1997), Rainer et al. (1997), Eisen and Dubinsky (1998), Stiell et al. (2004, 2007)
and Di Bartolomeo et al. (2005).

According to the type of fleet and the chosen dispatch, the EMS systems can be
grouped into two categories:

a  the AIl-ALS systems in which an ALS ambulance is always dispatched
b the tiered or mixed systems.

The tiered system uses a combination of ALS and BLS units and the dispatch depends on
the severity of the emergency call. For each system type there are advantages and
disadvantages. Thus, in all-ALS system the triage of a call is not complicating and that
leads to decreased response times. Additionally, there is always an advanced practitioner
on scene (paramedic). A disadvantage is that the paramedic loses their skills because they
serve more frequent less urgent calls. As for tiered systems, the majority of emergency
calls do not need an ALS ambulance, so the mixed system has the advantage of freeing
up ALS ambulances for the acute care of seriously ill patients. Also, ALS ambulances are
more expensive to operate, so mixed fleets can be larger and as consequence the system
has shorter response time. As a disadvantage we can refer that there is a risk of sending a
BLS ambulance to a call requiring paramedic support. Consequently, there is a
reasonable dilemma if the EMS fleet should have only ALS ambulances or a combination
of ALS and BLS ambulances. The selection of a combination of ALS and BLS
ambulances in an EMS system is known as the vehicle mix problem. There are many
studied results by advocators of each system type over time. We can refer as advocators
of all-ALS systems, (Ornato et al., 1990; Wilson et al., 1992) and as advocators of tiered
systems (Braun et al., 1990; Clawson, 1989; Slovis et al., 1985; Stout et al., 2000).

The choice of vehicle mix is crucial for an EMS system due to the effect both in level
of cost and in level of service. In this paper, an EMS system is modelled using an
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appropriate Markov decision process (MDP) in continuous time for which we can decide
about the vehicle mix of the system over a set of candidate ambulance fleets. The use of
Markov models in the analysis of EMS systems problems and of systems with similarly
characteristics (such as fire departments) is a usual practice. Jarvis (1975) introduced a
MDP for determining optimal dispatching policies for a single type of server. Berman
(1981a, 1981b, 1981¢c) and Zhang (2012) formulated the ambulance redeployment
problem as a MDP and then solved for an optimal policy using exact dynamic
programming. Swersey (1982) developed a Markov model for determining how many
fire vehicles to dispatch to a call that balances the costs associated with dispatching too
few or too many. McLay and Mayorga (2012) presented a MDP to dispatch
distinguishable EMS vehicles to prioritised calls and considered the fact that errors in the
classification of patient priorities might occur. In this model, the dispatching policy that
maximises the expected coverage of true high-risk calls was determined. Alanis et al.
(2013) represented the EMS system as a two-dimensional Markov chain model to
evaluate the system given a compliance table. Ramirez-Nafarrate et al. (2014) studied
optimal ambulance diversion control policies using a MDP formulation that minimises
the average time that patients wait beyond their recommended safety time threshold.
Chong et al. (2015) constructed Markov decision models that allow for quantitative
comparisons between feasible vehicle mixes. They studied the problem of dispatching
into a mixed fleet system when there are a number of busy ALS and BLS ambulances.
Our approach is closely related to this article. Lee and Lee (2018) formulated a finite
horizon MDP model for the study of the admission control problem for patients arriving
at an emergency department in the aftermath of a mass casualty incident. They took into
consideration a policy restriction that immediate-patients should be admitted as long as
there are available beds. Nasrollahzadeh et al. (2018) developed an optimisation
framework for real-time ambulance dispatching and relocation. They formulated the
problem as an infinite-horizon MDP and implemented that framework on an EMS system
in Mecklenburg County, NC. Park and Lee (2019) proposed a two-tiered ambulance
system, consisting of advanced and BLS units for emergency and non-emergency
patient care, providing a cost-efficient medical service. They formulated their
dynamic decision-making problem as a semi-MDP and proposed a mini-batch
monotone-approximate dynamic programming (ADP) algorithm to solve the problem
within a reasonable computation time. Most recently, Mengyu et al. (2020) formulated a
discrete time, infinite time horizon, discounted MDP model to determine when it is
advantageous to send appropriate patients to out-of-region Emergency departments,
which have longer transport times but shorter offload times. DuBois and Albert (2021)
studied how to optimally dispatch ambulances to prioritised patients during mass casualty
incidents. They formulated the ambulance dispatching problem as a MDP model with
patients prioritised by the benefit, they will receive from ambulance care and with two
classes of ambulances.

A rich literature also exists on ambulance location-allocation models for EMS
systems. We can mention some of the most recent reports on this issue. Pouraliakbari
et al. (2018) formulated and solved a probabilistic maximal covering location model for
determining the optimal location of facilities in congested EMS systems with referral
hierarchical structure. Their goal was to minimise the total amount of demand that is lost
in the system. To solve the model, two meta-heuristic algorithms, including
population-based simulated annealing (PBSA) and ant colony optimisation (ACO) have
been executed. Benabdouallah and Bojji (2018) presented a review on coverage models



A semi-Markov decision model for the optimal control of an EMS system 173

applied to emergency location. They analysed these models classified under three classes.
The static class focuses on the earlier models about emergency location coverage, the
probabilistic class defines the ambulance unavailability ratio, and the dynamic class
describes how to reassign dynamically the ambulances. Van Den Berg and Van Essen
(2019) compared several ambulance locations models on coverage and response time
criteria. They showed that the maximum expected covering location problem (MEXCLP)
and the expected response time model (ERTM) perform the best overall considered
criteria. Ji et al. (2020) proposed a data-driven real-time ambulance redeployment
approach that redeploys an ambulance to a proper station after it becomes available, to
optimise the transporting capability of an EMS system. In this paper, we give the IP
formulation for the geographical distribution of the system’s fleet at the stations of a
service area. We consider heterogeneous fleet (ambulances are of different types) and
different types of calls.

The contribution of this paper in the investigation of EMS problems is the following.
An EMS system is modelled using an appropriate MDP in continuous time for which we
seek a stationary policy that minimises a predefined optimality criterion for vehicle mixes
over a set of candidate ambulance fleets. The point of view for our choices is associated
with the number of emergency calls being in the system waiting to be served. We can
claim that our model is an ‘open system’ in the sense that the EMS can redirect calls to
other EMS systems when the system is in red alert. For our model we make the following
assumption: the BLS units cannot serve adequately the high-priority calls and it is
undesirable that the ALS units serve low-priority calls due to the highest service cost. We
treat two models: a simplified version for the above description and a model which is
closer to reality with two classes of emergency calls.

The rest of the paper is organised as follows. In Section 2, the simplified model of an
EMS system and its semi-MDP formulation is described. In Section 3, the generalised
model is presented with two types of ambulances and two classes of emergency calls. In
Section 4, the semi-MDP formulation of the generalised model is presented. In Section 5,
we provide numerical results which are based on information of Virginia Beach EMS
system (VBEMS). In Section 6, we present a sensitivity analysis of some model
parameters to see the effect of those in the vehicle mix and in the cost of the system.
Finally, in Section 7, a possible integer programming formulation of the system is given,
as a further research direction, for a suitable location-allocation problem of the model.
The conclusions of the paper are also provided.

2 A simplified version of the model and its semi-MDP formulation

We consider an EMS system which consists of N life support units. In fact, during each
shift only a number of these vehicles are available for service. Suppose that k < N
ambulances are available for service, we assume that at any given time some of the
k-vehicles either remain at the base for refuelling and maintenance or they are a safety
fleet for propulsion in some extreme unforeseen situations. The EMS admits incoming
emergency calls. Let i be the number of calls waiting to be served at any given time, and
t < k, the vehicles available for these calls (at ambulance stations remain k — ¢ vehicles
refuelling or preparedness in extreme cases). We allow the system to choose not to
temporarily serve calls, which during the evaluation it seems to be unreliable or which do
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not need immediate medical care, with the aim of the subsequent utilisation of resources
in more urgent situations. This logic makes sense during rush hour when the system
should be able to handle calls that require immediate emergency response.

Consider a Markov process in continuous-time {(X(¢), t > 0}, where the random
variable X(¢) denotes the state of the process at time ¢ > 0. More precisely, the random
variable X(¢) denotes the number of emergency calls, which are in the system waiting to
be served at time ¢ > 0. Thus, if X(f) = i, the system state can be described by the value i
of emergency calls, being in the system waiting to be served at time ¢ > 0. We assume
that the system can admit a maximum number Q of emergency calls. We further assume
that the maximum number of emergency calls Q is greater than the maximum number N
of the available ambulance units, i.e., O > N. Thus, the state space of the system is
defined by the set:

S=1{i|0<i<Q}.

The decision epochs include the epochs at which an emergency call arrives to the system
waiting to be served by the system.

For states i € S, such that 0 < i < N, actions 0 and 1 are possible. It is reasonable to
assume that in state 0 the only possible action is action 0. According to action 0,
emergency calls arrive to the system according to a Poisson process with rate equal to A.
The system makes the following transition:

Transition Rate

i—itl 7,i>0

According to action 1, emergency calls are served by the available t ambulance units with
rate equal to u. The system makes the following transition:

Transition Rate
i—i—1 tw,t<i<N
i—i—1 in, 1<i<t-1

That is, if i > ¢, the system sends ¢ available ambulances when i calls are waiting to be
served and the system serves with i ambulances if i < 7 calls are waiting to be served. In
what follows, for reasons of simplicity, in the formulation of the simplified model as a
semi-Markov decision model that we present below, we consider that £ = 1.

For states i € S, such that N+ 1 <i < Q — 1, the possible actions are actions 0 and 2.
According to action 2, k emergency calls are redirected to available neighbour systems
with a rate equal to y. If a redirection of calls is chosen, when the number of emergency
calls is equal to i, N+ 1 <i < Q — 1, the number of emergency calls after the calls
redirection is reduced to i — k, 1 <k <i— 1, with probability p(1 — p)*! and is reduced to
zero emergency calls with probability (1 — p)~!, where p € (0, 1). In state i = Q, it is
reasonable to assume that the only feasible action is action 2. The system makes the
following transitions:

Transition Rate

i—i—k (1 -py* N+1<i<Q-1,1<k<i-1
i—0 y(1-pyLN+1<i<Q0-1

0—0-k wp(1-p)2* 1<k<0-1

9—0 y(1-p)2!
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The rate A is necessarily equal to zero when i = Q, since Q is the maximum number of
emergency calls that the system can admit. The action space and a transition graph of the
model for a specific case of some input model parameters values are depicted in Figure 2.

Figure 2 The action space and the transition graph of the process for N =4, Q = 6 (see online
version for colours)
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We assume that the system incurs a holding cost at a rate equal to /#; > 0 when there are i
emergency calls being in the system waiting to be served where 4; is bounded increasing
and non-negative function with respect to i. We also assume that there is a service cost at
a rate equal to C > 0, whenever an emergency call is served by the system. A redirection
cost is also incurred at a rate equal to R > 0, whenever a redirection of calls is chosen.
Our goal is to consider an appropriate MDP in continuous time for which we seek a
decision rule that minimises a predefined optimality criterion. We shall consider the
criterion of minimising the long-run expected average cost per unit time. For this
criterion, a semi-Markov decision model is in fact determined by the following three
characteristics:

a the probability p;(a) that at the next decision epoch the system will be in state j if
action a is chosen in the present state i

b the expected time 7,(7) until the next decision epoch if action a is chosen in the
present state i

¢ the expected cost C,(7) until the next decision epoch if action a is chosen in the
present state i.

Let pj(a) be the transition probabilities from state i to state j if action a is selected in state
i and let 7,(7) and C,(i) be the one-step expected transition time and cost, respectively,
when action a is chosen in state i. These quantities can be computed for each state i € S
and for each possible action a. These quantities are specified below.

e Non-zero one-step transition probabilities

Po1(0)=1, pii(0)=1L1<i< N,
Piin() =20 +u)™", pi (D) = p(A+u)y, 1<i < N.

Piin(0)=1, i (2)=yp(1=p) 1 (h+y) ", N+1<i< Q-1 1<k <i-],
pe (0,1).

Pio(2)=yA=p)"' A+ y)", piia(Q)=MA+y), N+1<i<Q-1.
Po.0-k(2)=p(=p)¢* 1 1<k <0-1, ppo(2)=(1-p)¢7, pe (0,1).
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e One-step expected times
Ty(0)=2",0<i<Q-1,T(i)=(A+u) ", 1<i<N,
L@ =(A+y) ", N+1<i<Q-1,(Q)=y".

e One-step expected costs
Co()=h2"',0<i<0-1°C@(i)=(C+h)(A+u) ', 1<i<N.
CA)=(R+h)(A+y) ", N+1<i<0-1°,C(Q)=(R+hy)y™".

A computational treatment of the problem is possible by applying various standard
Markov decision algorithms such as the standard value-iteration algorithm and the
standard policy-iteration algorithm.

3 Generalisation of the simplified model

In this section, we generalise the model described in the previous section. We consider an
EMS system which consists of Ns ALS units and Nz BLS units which are available to
serve patients. The EMS admits incoming emergency calls which are divided into two
classes:

a  urgent, high-priority calls for which the patient’s life is potentially at risk
b less urgent, low-priority calls.

Consider the two-dimensional Markov process in continuous-time {(X(¢), ¥(?)), ¢t > 0},
where the random variables X(#) and Y(¢) denote the state of the process at time 7 > 0.
More precisely, the random variables X(¢) and Y(¢) denote the number of high-priority
calls and the number of low-priority calls, respectively, which are in the system waiting
to be served at time ¢ > 0. Thus, if X(¢) =i and Y(¢) =, the system state can be described
by two values:

1 the number i of high-priority calls

2 the number j of low-priority calls, being in the system waiting to be served at time
t>0.

We assume that the system can admit a maximum number Q of high-priority calls and a
maximum number Q; of low-priority calls. We further assume that the maximum number
of high-priority calls and the maximum number of low-priority calls, respectively, are
greater than the number of the available ALS units and of the available BLS units. Thus,
the state space of the system is defined by the set:

S={(i, j)10<i<Qy,0< ;<O }.

The decision epochs include the epochs at which a call, either a high-priority one or a
low-priority one, arrives to the system. We assume that the EMS system has an annual
operating budget equal to D. We also assume that the annual operating costs of a single
ALS and of a single BLS ambulance are equal to C4 and to Cp, respectively. The rates Ay
and 1, are necessarily equal to zero when i = Qy and j = Oy, since Oy and O, are the
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maximum number of high-priority and low-priority calls that the system can admit,
respectively. The action space and a transition graph of the model for a specific case of
some input model parameters values are depicted in Figure 3.

Figure 3 The action space and the transition graph of the process for N4 =4, Ns =2, Ou =6,
QL = 4 (see online version for colours)
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We assume that the system incurs a holding cost at a rate equal to 4, > 0 (or to h ;> 0)
when there are 7 high-priority calls (or j low-priority calls) being in the system waiting to
be served where /; (or h ;) 1s bounded increasing and non-negative functions with respect

to i (and with respect to j), respectively. We also assume that there is a service cost at a
rate equal to Cy > 0 (or to C; > 0) whenever a high-priority (or a low-priority call) is
served by the system. A redirection cost is also incurred at a rate equal to Ry > 0 (or to
R; > 0) whenever a redirection of high-priority calls (or a redirection of low-priority
calls) is chosen. It is reasonable to assume that Cy > C;.

Let f{N4, Np) denote some measure of system performance associated with a fleet
operating Ny ALS units and N BLS units, where N4C4 + NgCp < D. Our goal is to
consider an appropriate MDP in continuous time for which we seek a decision rule that
minimises a predefined optimality criterion for vehicle mixes (N4, Np) over a set of
candidate fleets under the above cost restriction. We shall consider the criterion of
minimising the long-run expected average cost per unit time. In next section, we provide
the semi-MDP formulation for the generalised version of the model.

4 Formulation as a semi-Markov decision model for the generalised
system

Let (N4, N3) be the total number of ambulances of each category that has an EMS system
in its fleet. As in the simplified model, during each shift only a number of these vehicles
are available for service. Suppose that £ ALS ambulances and # BLS ambulances are
available for service during each shift. We also assume that at any given time some of the
vehicles (k, 6) either remain at the base for refuelling and maintenance or are a safety
fleet for propulsion in some extreme unforeseen situations. Let (i, j) be the number of
calls waiting to be served at any given time and ¢ < k, p < 0, the vehicles available for
these calls (at ambulance stations remain k£ — ¢t ALS and 8 — p BLS vehicles for refuelling
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or preparedness in extreme cases). The system with the forwarding of ~-ALS and p-BLS

vehicles makes the following transition:

Transition Rate
@)—>E-1L)) t, t<i< N4
@GH—G-1)) i, 1<i<t—1
@) —Gj-1) pit, p <j<Ns
@GH—3Gj-1) J 1<j<p-1

The most realistic option for an EMS system is to forward for (i, ) calls waiting to be
served, a number of ALS units and a number of BLS units for these calls. We could
consider the impact on the system’s selection to send (#1, p1) ambulances compared to (,
p2) ambulances, but in this paper, we want to compare the dynamics of ALS ambulances
in service and at the cost of the system compared to BLS ambulances. So, we send either
k-ALS ambulances to handle i-ALS calls (and #-BLS vehicles stay at the station) or
6-BLS wvehicles to handle j-BLS calls (and A-ALS vehicles stay at the station).
Consequently, the system must choose between the following transitions:

Transition 1 Rate
@GH—GE-L)) e, k<i< Ny
@)—>E-1L)) i, 1<i<k-1
Transition 2 Rate

(@) —Gj=1) Ou, © <j < Np
GH— G- Ju1<j<0-1

In what follows, for reasons of simplicity, in the model that we describe below, we
consider that k=1 and 8= 1.

Let pajyi») (@) be the transition probabilities from state (7, /) to state (¢, /) if action a
is selected in state (i, j) and let 7,(i,) and C.(i, j) be the one-step expected transition time
and cost, respectively, when action a is chosen in state (i, j). These quantities can be
computed for each state (i, j) € S and for each possible action a. For each state (i, j) € S,
we distinct four cases.

4.1 First case

We consider the states (i, j) € S, for which 0 < i < Ny and 0 <j < Np. It is intuitively
reasonable to assume that in state (0, 0) the only possible action is action 0. For states (0,
7), 1 £j < Np, the possible actions are actions 0 and action 2 (serve a low-priority call).
For states (7, 0), 1 <i < N4, the possible actions are actions 0 and 1 (serve a high-priority
call). For the states (i, j), | <i < Ny, 1<j < N3, the possible actions are actions 0, 1 (serve
a high-priority call) and 2 (serve a low-priority call).

Action 0. High-priority calls and low-priority calls arrive to the system according to
independent Poisson processes with rates equal to Az and to 4., respectively. The system
makes the following transitions:

Transition Rate
@) — @+ 1)) A
GH— G+ 1)) AL
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Action 1 (serve a high-priority call). A high-priority call is served by one of the available
N4 ALS units with rate equal to u. The system makes the following transition:

Transition Rate

Action 2 (serve a low-priority call). A low-priority call is served by one of the available
Np BLS units with rate equal to 4. The system makes the following transition:

Transition Rate

In Case 1, the non-zero one-step transition probabilities from each state to another state,
if an action is chosen, and the one-step expected transition times and costs, for each
possible action, can be specified. For example, for states (i, j), | <i < Ny, 1 <j < Np,
where action a belongs to the set {0, 1, 2}, we have:

e Non-zero one-step transition probabilities
Pt (O =2y Gy + 20 )3 pain () =4 (g + 2, ) " 1<i< Ny 1< j< Ny,
iy (0 =ur (G + 3+ 1), papamny @) =0 (g + 20 +p)
i) =1+ 4+ 1) 1Si< Ny 1 j < N,
Paninn@ = (o + 20+ 1), pop (@) =Ae (g + 4 +10)
Pliiijn ()= p(h + 2+ 1) 1<i < N4 1< j < Np.

e One-step expected times
Ty, )= U +A0)" TG )=+ 1)
Ty, j)=dy + 2 +pu( ), 1<i< N, 1< j < Ng.

o One-step eXpeCted Ccosts
Co(iy j)= (i + 2 ) (hur + )L GG )= (h+ 2+ Cu ) G + 0 +u)

Coli, )= (h+3;+Cp) (A + 2 + 1) 1Si< N4, 1< j < Ny

4.2 Second case

We consider the states (i, j) € S, for which 0<i < N4 and Np + 1 <j < O;. For states (0, ;)
Np + <j < QO — 1, the possible actions are action 0 and action 3 (redirect k£ low-priority
calls). For states (i, j), 1 <i< N4, N+ 1<j < Qr — 1, the possible actions are actions 0, 1
(serve a high-priority call) and 3 (redirect £ low-priority calls). For the state (0, O.), the
possible actions are Actions 0 (with A; = 0) and 3 (redirect k low-priority calls). For the
states (i, Or), 1 < i < N4, the possible actions are actions 0 (with 4, = 0), 1 (serve a
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high-priority call) and 3 (redirect £ low-priority calls). Action 0 and action 1 are the same
as in the first case.

Action 3 (redirect k low-priority calls). According to action 3, if the number of
low-priority calls is j, then k low-priority calls can be redirected to available neighbour
systems with a constant rate equal to y.

If calls redirection is chosen, when the number of low-priority calls is j, the number
of low-priority calls is reduced to j — k, 1 <k <j — 1, with probability p(1 — py~*!, and is
reduced to zero low-priority calls with probability (1 — p)~!, where p € (0, 1). The system
makes transitions to the states (i, j — k), 1<k <j — 1 and to the states (i, 0).

Transition Rate
) — -k Y =py*, 1<k<j—-1
(laj) - (la 0) y(l _p)/;]

In Case 2, the non-zero one-step transition probabilities from each state to another state,
if an action is chosen, and the one-step expected transition times and costs, for each
possible action, can be specified. For example, for states (i, j), | <i < N4y Np+1 <5<
Or — 1, where the possible actions are actions 0, 1 and 3, we have:

e Non-zero one-step transition probabilities
Pajinjy 0 =2 (A +1)7, Pijyi i (0) =2 (g + ) ISISNG, Np+1</ <0 1.
PapannO =2 G+ + 1) p i )= (g + o+ 1)
Py =y + 2 ) ISi<S Ny, Ng+1< <0, —1.

-1 -1
Pajyin 3= da (A T2 +9) ", pagyinB) =4 (Au + 2 +y)
1<i<Ny, Ny +1< /<0, —1.

. » ‘
Piijyi -k B) = p(=p) T (Ay + 2, +y) 1<k < j—1,

P03 =yA=p) T (A +i+y) SIS Ny, Ny +1< <0, —1, pe (0,1).
e One-step expected times

ToG, j)=(dy +2,)  ,1Si< Ny, Ny +1< <0 -1

TG, )=y +i+p) ,1Si<S Ny, Ny +1< /<0, —1.

T(i, )= (du + A, +y) 1<i<S Ny, Np+1< <0 1.
e One-step expected costs

Coliy )=(h+4;)(hy +2) " I<i< Ny, Np+1< <0, —1.

Ci(i, j)=(h+i;+Cy ) (u+hy +2,) " JN1<i< Ny, Ny +1< <0 1.

Csiy j)= (R + 4 +2; ) (hy + 2, +7)  JISi< Ny, Np+1< <0, —1.
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4.3  Third case

We consider the states (i, j) € S, for which Ny + 1 <i < Qg and 0 <j < Ng. For states (i, 0)
N4+ 1=<i<Qun— 1, the possible actions are action 0 and action 3 (redirect / high-priority
calls). For states (i, j), N4+ 1 <i < Qn— 1, 1 <j < Np, the possible actions are actions 0, 2
(serve a low-priority call) and 3 (redirect / high-priority calls). For the state (O, 0), the
possible actions are actions 0 (with 45 = 0) and 3 (redirect / high-priority calls). For the
states (Qn, j), 1 <j < N, the possible actions are actions 0 (with Az = 0), 2 (serve a
low-priority call) and 3 (redirect / high-priority calls). Action 0 and action 2 are the same
as in the first case.

Action 3 (redirect | high-priority calls). According to action 3, if the number of
low-priority calls is i, then / low-priority calls can be redirected to available neighbour
systems with a constant rate equal to y. If calls redirection is chosen, when the number of
low-priority calls is i, the number of low-priority calls is reduced to i —/, 1 </<i—1,
with probability p(1 — p)*!, and is reduced to zero low-priority calls with probability
(1 — p)!, where p € (0, 1). The system makes transitions to the states (/, /), 1 </<i—1
and to the states (0, /).

Transition Rate
@) —0-L) y(1=p) - 1<i<i-1
(i,.7) — (0,)) (1 —p)!

In Case 3, the non-zero one-step transition probabilities from each state to another state,
if an action is chosen, and the one-step expected transition times and costs, for each
possible action, can be specified. For example, for states (i, j), N4+ 1 <i<Qp—1, 1 <5<
N3, where the possible actions are actions 0, 2 and 3, we have:

e Non-zero one-step transition probabilities

-1 -1
Py O =4 (A +4) ", pi i@ =24 (G +4,) ",
Ny +1<i<Oy—1,1< < Np.

Py @ =t (g ¥ 2 +01) s pajyin@ =20 (g + 2 +41)
Pipvinn@ =+ +p) " Ny H1Si <0y —11< < Np.
Py = (G 20 49) " . popasn @ = Vur + e +7) "
N, +1<i<Qy—1,1< < Np.
Pagitp B =1p0=py " (g +p +y) " NaH1Si< 0y —11<I<i-1, pe (0,D)
Pl @ =p1=py™ (e +2+7)" . Ny +1<i< 0y —1 pe Q. D).

e One-step expected times

ToG, /)=y +21) Ny +1<i< Oy —1,1< j < Nj.
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TG, j)=(u+in +2 ) Ny +1<i< Oy —1,1< j < Ng.

T, )=y +3 +y) Ng+1<i< Oy —1,1< j < Ng.
e One-step expected costs

Colis j)=(h+4;)(hy +2.) ", Ny +1<i <Oy =1,1< j < Ny
Coliy )= +7;+CL)(u+hy +2.) ", Na+1<i<Qy —1,1< j < Ny

Cs(is )= (b + 25+ Ry ) (h +2p +y) " Na+1<i < Qy =11 j< Ny

4.4 Fourth case

We consider the states (i, j) € S, for which Ny + 1 <i< QOmand Np+ 1 <j < Q;. For the
states (i, j), such that Ny + 1 <i < QOy—1and Ny + 1 <j < Qr — 1, two actions are
possible, action 0 and action 3 (redirect / high-priority calls or k low-priority calls). For
the states (Qu, j), such that Nz + 1 <j < O — 1, two actions are possible, action 0 (with
Ar=0) and action 3 (redirect / high-priority calls or & low-priority calls). For the states (i,
Or), such that Ny + 1 <i < Oy — 1, two actions are possible, Action 0 (with 1, = 0) and
action 3 (redirect / high-priority calls or k& low-priority calls). For the state (Qu, Oy), the
only possible action is action 3 (redirect / high-priority calls or k low-priority calls).
action 0 is the same as in the first case.

Action 3 (redirect | high-priority calls or k low-priority calls). According to action 3,
if the number of high-priority calls is i and the number of low-priority calls is j, then /
high-priority calls or k& low-priority calls can be redirected to available neighbours
systems with a constant rate for each kind of redirection equal to y. If calls redirection is
chosen, when the number of high-priority calls is i, the number of high-priority calls is
reduced to i — [, 1 <[ < i — 1, with probability p(1 — p)**! and is reduced to zero
high-priority calls with probability (1 — p)-!, where p € (0, 1). If calls redirection is
chosen, when the number of low-priority calls is j, the number of low-priority calls is
reduced to j — k, 1 < k <j — 1, with probability p(1 — py*! and is reduced to zero
low-priority calls with probability (1 — p)~!, where p € (0, 1). The system makes
transitions to the states (i — 1, j) and to the states (0, ;) or to the states (i, j — k) and to the
states (i, 0).

Transition Rate

@i, ))— @(-1,)) y(1-pytl1<i<i-1
) —(0.)) y(1=py-!

) —@j—h) y(=pyFL1<k<j-1
(6,/)) = (i, 0) y(1=py!

In Case 4, the non-zero one-step transition probabilities from each state to another state,
if an action is chosen, and the one-step expected transition times and costs, for each
possible action, can be specified. For example, for the states (i, j), such that Ny + 1 <i <
On—1and Np+ 1 <j<Qr— 1, where the possible actions are actions 0 and 3, we have:
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e Non-zero one-step transition probabilities

Diijxirt, ) (0)= A (A + 2, )71 s Py (O =2 (A + 2 )71 )
N+H1Si<Oy -1 Ny +1<7 <0, - 1.

Py 3=t (Aay + 20 +2V)71 )
D@V = 1 (i +y +2) Ny F1<i <0y =1, Ny +1< <0, -1,

PR =p(=p)Y ™ Ay + 4 +2V)_1 N HI<i<Oy—1L, Np+1< <0 1,
1<I<i-1, pe (0,1).

Doy @ =71=py (Ay +4, +2y) " Ny HIi<Qy -1,
Ny +1< <0, —1, pe (0,1).

Pl 3) =9p(l= pY ™ (2 + 2, +2y)" Ny +1<i< 0y -,
Ny+1< <0, -1 1<k < j—1, pe (0,1).

Pai.jyij )= yp(1=pY > (A + 11 +29)" Ny +1Si< 0y —LN; +1<<0, 1,
1<k < j—1, pe (0,1).

P03 =y1=pY ™ (Ay+ 4 +2V)_1 NyH1<i<Qy -1
Ny +1<j <0, —1, pe (0,1)

e One-step expected times
TG, j)=(hn +72) s Na+1<iSQy =1 Ny +15 <O 1.
Ty, /)= (2 + 20 +29) " N4 +1Si< 0y~ Ny +1< <0, —1.
e One-step expected costs

Colis )=(h+2;)(hy +2.) ", Ny +1<i<Qy =1, Ny +1< j <O, —1.

Cs(i, j)=(h +3; + Ry + R ) (b + 2, +29) ", Ny +1<i <0y =1, Ny +1< j <0, —1.

Based on the above semi-MDP formulation, a direct implementation of the standard
Markov decision algorithms is possible for the numerical computation of an optimal
stationary policy. For a detailed description of these algorithms we refer, for example, to
the books of Puterman (1994), Heyman and Sobel (2003) and Tijms (2003).

5 Numerical results for the generalised model
In this section, we implement numerically the generalised model using information and

making assumptions for Virginia Beach EMS (VBEMS) which is the largest
volunteer-based EMS system in the USA. It provides EMS to the residents and visitors of
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Virginia Beach, a city in USA with population 450.000 inhabitants and classified as
tiered system with 37 ambulances.

The system provides training to volunteers either in EMTs skills either in paramedic
skills and from 1940s it operates as all-volunteer system. In 2004, the system hired career
staff to satisfy the growing demand and it converted from all-volunteer to
volunteer-based system. We suppose that the system hires both career EMTs and career
paramedics, so there is a distinction between the members of the staff ambulances which
is: Vpar (volunteer paramedic), Vemr (volunteer EMTs), Cpar (career paramedic), Cemr
(career EMTs). We suppose additionally that an ALS ambulance staffed by one
paramedic and one EMTs and a BLS ambulance staffed by two EMTs. From the annual
report of 2018, we drew that 85% of all ambulance crews were staffed by volunteers. So,
for an ALS ambulance which requires three crews to operate 24 hours per day, we have
the following crews: (Cpar, Vemr) for one shift and (Vpar, Vemr) for two shifts and for a
BLS ambulance the crews are (Cemt, Vemr) for one shift and (Vemr, Vemr) for two shifts.

The annual salary for career paramedic and EMTs can vary depending on many
factors including education, certification, additional skills and the number of years spent
in the profession. We may assume that the average paramedic salary is $40.000 per year
and the average EMTs salary is $35.000 per year. We also suppose that the cost to equip
and operate an ALS ambulance in 24/7 is $210.000 per year and for BLS ambulance is
$185.000 per year. This cost includes supplies, operating cost, maintenance and other
related costs. Therefore, in our approach, we have that C4 = $250.000 and Cz = $220.000.
Also, the annual operating budget for VBEMS, according to the annual report of 2018, is
D = $8.000.000. Then, we have that the set of candidate fleets for VBEMS is:

I'={(N4, Np):25N,+22N; <800}.

In an EMS system, there are two service procedures, the service of the call canter and the
ambulance service. As far as the call centre service is concerned, we suppose that a high
priority call, which requires an ALS ambulance has duration equivalent to the arrival of
ambulance on scene (it is a reasonable assumption because the call taker may provide
instruction to the caller, which in many cases is essential to stabilising or saving a life)
and a low priority call which requires an BLS ambulance has duration equivalent to the
ambulance departure. For VBEMS the time up to the arrival on scene is nine-fold to the
time up to the ambulance departure. So, we suppose that Ry = $ 45 per hour and R, = $5
per hour as the redirection costs for high and low priority calls, respectively.

There are many research papers about the maximum number of calls allowed to be
admitted in a call centre, see for example, Akl et al. (2005). In this paper we do not take
that factor into account, but we aim to examine all the feasible vehicle mixes of VBEMS,
so we assume that the dispatcher of the system can handle the maximum Qy = 40 of high
priority calls and Q; = 40 of low priority calls.

Some EMS systems redirect calls to an advice line that can be handled telephonically
with a clinician to develop an alternative to dispatching an ambulance. There are studies
that determined that 15%—-20% of all EMS calls could be diverted to an advice line. Some
other systems redirect calls to other EMS systems when they enter in red alert. For
VBEMS we assume that it redirects 20% of incoming EMS calls when the number of
high priority calls is greater than the number of ALS ambulances and the number of low
priority calls is greater than the number of BLS ambulances. That percentage allocates
equally to high and low priority calls, so we have y = 0.385 calls per hour. This
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redirection rate remains stable when the number of high priority calls is greater than the
number of ALS ambulances and the number of low priority calls is less than the number
of BLS ambulances and when the number of high priority calls is less than the number of
ALS ambulances and the number of low priority calls is greater than the number of BLS
ambulances. If a redirection of calls is chosen, we define the discount factor p = 0.5 for
the transition probabilities to fewer calls.

Using information from Centres for Medicare and Medicaid Services (CMS), we
assume that the service cost whenever a high-priority call is served is Cy = $420 per hour
and the service cost whenever a low-priority call is served is C; = $360 per hour.
Furthermore, following the logic of Chong et al. (2015), we assume that the holding costs
of the system are determined by the service costs in the following way: the patient do not
feel obliged to pay if he waits more than one hour to being served so, we have /; = $420-i
the holding cost of the system when there are i-high priority calls waiting to be served per
hour and /4; = $420-j the holding cost of the system when there are j-low priority calls
waiting to be served per hour. Finally, from the annual report of 2018, we set the values
Ar=1.18 calls per hour, A; = 2.67 calls per hour and ¢ = 1.2 customers per hour.

We solve the case of VBEMS using the above values with policy iteration algorithm
and with value iteration algorithm. In Figure 4, we observe the minimum long run
average cost per hour on the attainable combinations of VBEMS system. The best choice
for VBEMS is to operate as All-ALS system.

Figure 4 Minimum long run average cost per hour on vehicles mixes (see online version
for colours)
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In Table 1, the successive policies at each iteration generated by the policy iteration
algorithm and their average costs are presented, for the vehicle mix (32, 0). We denote by
r(i, ) the action selected in state (i, j). The algorithm is stopped after three iterations with
the value of the minimum long-run expected average cost approximately equal to 24
thousand dollars. Note that, as it is empirically verified in policy iteration algorithm, the
average costs of the policies generated by the algorithm have shown great improvements
in their values in the first few iterations. The Markov decision algorithms are
implemented by running the corresponding programs, using MATLAB 2016a software
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on a personal computer equipped with an AMD Quad Core A12-9720P, 2.7 GHz
processor and 8GB of RAM. The computation time (CPU time) of the policy iteration
algorithm for the combination (32, 0) was 9.62 seconds.

In Figure 5, we see the optimal policy for VBEMS for the combination N4 = 32 and
Ng = 0, where we have the minimum cost among all vehicle mixes. We notice that the
optimal policy for VBEMS is to service the high priority calls at any state where it is
possible and to redirect to the rest of the states.

Figure S Optimal policy for VBEMS in combination N4 = 32 and N5 = 0 (see online version
for colours)

011111111111111111111111111111111

0123456 789 101112131415 161718 192021 222324252627 28 20 30 31 32 33 3 35 36 37 38 30 40 ir

We observe, in Figure 4, that, as N, increases, the cost decreases. For values up to the
combination Ny = 10 and N = 25 the cost is almost constant and then it decreases. That
behaviour is determined by the holding costs.

In Figures 6(a), 6(b) and 6(c), we present the long run proportion of time that the
system spends in each state for the vehicle mixes (5, 30), (10, 25), (32, 0), respectively.
We notice that as ALS ambulances increases, the system spends less time in states with
high holding costs.
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Table 1 The successive policies generated by the policy iteration algorithm and their average
costs for the combination (32, 0)

Iteration Successive policies Average cost
. |0, otherwise
1 r(w)—{s’ i= j=40 $31,616.37
0, i=j=0
3, i=0,1<,<40
I, 1<i<29,0<,;<40
3, 33<i<40,0<;<40
. 3, i=30,=4,..,6
2 r(i, j) = . : $23,844.96
1, i=30,j+#4,..,6
3, i=3L;=3,..,10
1, i=31L;#3,..,10
3, i=32,j=2,..,14
1, i=32,j#2,..,14
0, i=j=0
o |3 i=0,1<,<40
3 r(i, j)= I 1<i<32,0< /<40 $23,844.31
3, 33<i<40,0<;<40

In Figure 7, we can see the sum of long run proportion of time, for the Markov chain
which induced by the optimal policy, in states {(Z, j)| 17 <i <40, 30 <j <40} where we
have high holding costs.

We notice that in combinations with a few ALS ambulances, we have high sum of
long run proportion of time. That results in high holding costs. In combinations with
many ALS ambulances, we have the opposite result.

This particular behaviour of the system is a function of two things: the level y of the

redirection rate and the traffic intensities a4 = A—H and o = /I—L As long as N, increases
I I

and oy < 1, o > 1, the system services the ALS calls wherever it is possible. Also, the
system needs at least ten ALS units in this level of y to service effectively the remaining
ALS calls. As long as N4 continues to increase and after the combination (10, 25) the
long run average cost decreases because the system serves more ALS calls for which a4
< 1. This seems to be reasonable since as N, increases and the traffic intensity ¢ is lower
than 1, the system does not collect high holding costs from the serving of ALS calls, it
gathers significant holding costs only from BLS calls. On the other hand, due to oz > 1,
the system collects pricey holding costs when it serves those calls because it gathers
notable holding costs from both ALS and BLS calls.
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Figure 6 Long run proportion of time in each state for the combinations (5, 30), (10, 25), (32, 0)
(see online version for colours)
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Figure 7 Long run proportion of time in states with high holding costs (see online version
for colours)
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6 Sensitivity analysis

In this section, we present a sensitivity analysis for VBEMS in two model parameters: the
redirection rate y and service rate u. We select these parameters because they are the two
main options with which an EMS system manages incoming calls. Our goal is to clarify
how they affect vehicle mix and the cost of the system.

Figure 8 The effect of y in vehicle mix and in the cost of the system (see online version
for colours)
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In Figure 8, five curves are depicted for values of y ranging from 0.192 to 0.770. We
observe that for low values of y the system needs larger number of ALS ambulances to
service the ALS calls and for high values of y the system needs smaller number of ALS
ambulances. Also, we observe that the cost is lower in higher level of redirection rate for
each vehicle mix. This could be explained by the fact that the more ALS calls the system
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redirects, the less ALS ambulances it needs to handle the remaining calls. The option to
redirect calls for high values of y is more preferable than the option to service these calls.
Regarding the reduction of cost that implies the increase of y, we can note that it seems
reasonable due to the reduction of holding costs from the redirection of calls.

In Figure 9, five curves for values of p ranging from 0.4 to 4 are depicted. We
observe that for x4 = 0.4 we have 1 < a4 < ap and the minimum cost is appeared in the
combination (0, 36). The low price for i pushes the system to redirect the calls and not to
serve them. As N, increases after the combination (0, 36) the system serves the high
priority calls. This increases the holding costs due to a4 < 1. For 4 = 1.2 and u = 2 we
have a4 <1 < ap. The minimum cost for 4 = 1.2 is appeared in the combination (32, 0). In
this case the system serves all the ALS calls wherever it is possible and redirects the calls
in the rest states. For p x4 = 2 the system needs 6 ALS units to serve effectively the ALS
calls and for N4 > 19 the cost is constant due to very low value of a,. This is intuitively
reasonable since the high level of service stabilises the cost after a certain number of
ambulances. For 4 =3 and ¢ = 4 we have a4 < ag < 1. For u = 3 the cost increases up to
the combination (6, 29). The exchange of service between BLS calls and ALS calls
increases the cost up to this point. For Ny > 6, the system serves effectively the ALS
calls, so the cost decreases and becomes constant for Ny > 13. We reach similar
conclusions for u = 4. We also notice that as p increases the cost decreases and it became
constant after a specific number of N4 for large values of p. These observations are
compatible with reality.

7 A further research direction and conclusions

The geographical distribution of ambulances in the service area is another important issue
regarding the EMS system effectiveness. We assume that an area is divided into N zones
and every zone i € N has demand 47 for high priority calls and 4 for low priority calls.

Also, there is a station of oz ALS ambulances and f BLS ambulances in zone i. The call
centre of the system can admit the maximum y high priority calls and ¢ low priority calls
from the zone i waiting to be served. We also assume that & <y, < J and each call is
serviced by only one station. In the following figure, an area which is divided into seven
zones is depicted. Each zone has one station which services high priority calls, denoted
by red dot and low priority calls, denoted by blue dot.

Figure 10 An area which is divided into seven zones (see online version for colours)

Our future pursuit is to determine the values ¢, £, y, § in each zone for an EMS system
which services an area with N zones. We assume that it consists of Ny ALS ambulances,
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Np BLS ambulances and can admit a maximum number Qg of high-priority calls and a
maximum number Q; of low-priority calls. We formulate this problem as an integer
program as follows.

Whenever there is an incoming high priority call from some zone in the system, we
can consider the service procedure as a M/M/co/a + y queue. There are two cases for a
call. The call is either serviced directly by one of & ALS ambulances, if the queue system
is in state k with 0 < k£ < o — 1 or the call remains on hold and after some time it is
serviced or redirected, if the queue system is in state k with & < k < e+ y. In the second
case, when there are k calls in the system, there are k — ¢ calls waiting to be served. The
same applies for low priority calls and we can consider the service procedure as a
M/M/B/ + 6 queue. Considering this structure, we can explore the approach of the
system for the calls waiting to be served with a Markovian model with parameters
Oun=1, 0L =0, Ns= &, Ny = 3. In next figure, we see an example of this correspondence,
for some values of the parameters.

Figure 11 The queueing system for high priority calls with o= 2, y = 4, for low priority calls with
=13, =75 and the corresponding Markovian model (see online version for colours)

0

1

[
3

-0
“@ w

e o
1] 1

— n@®

\ d—=5 @

p — 00 &

(V]
0O 0O O O :e@
-0 O O O :@e @

/’

o0
=0
w
=0 —
N | ™Y
o«
0 -
(=]

—~w0 O O O @0 @

~9® ® e o o o
22— -0 @ e o 0 o0

wo— @@
p — o o

In the Markovian model we represent the proportion of action induced by the optimal
policy where the system services the high priority calls with @4zs. We also represent the
proportion of action where the system services the low priority calls with @gs, the
proportion of action where the system redirects the high priority calls with 845 and the
proportion of action where the system redirects the low priority calls with @p;s. Finally,
we represent the proportion of time when there are k& customers in the system with Py and
the holding cost rates for high and low priority calls with 4 and h, respectively.
So, the expected cost from a high priority call is:

a-1 a+ty
CaLs = k=0Pk~CH +Zk=apk(CH “Qars T Ry -Ou5 +h)
And the expected cost from a low priority call is:

CBLS—Z PkCL+Z Pk Cr-oprs + Ry -Ops +h)

For the ambulance fleet and the maximum admitted calls allocation we want to minimise
the function:
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The variable yiqps takes the value 1 if zone i uses o ALS ambulances, § BLS
ambulances, the call centre of EMS system can admit a maximum number y of high
priority calls and a maximum number J of low priority calls and takes the value 0,
otherwise. The constraints of the integer programming problem can be defined such that
the sum of alphas equals N4, the sum of betas equals Np, the sum of gammas equals Ox
and the sum of deltas equals Q.

The inspiration for this paper came from the paper of Chong et al. (2015). We
researched the EMS systems from the perspective of the calls waiting to be served at any
given time. Using a MDP in continuous time, we found the decisions that should be made
by the system and the most economical vehicle mix based on its cost data and its features.
The main options of the system are the service of calls and their redirection. We
examined how changes in the values of these parameters affect the options and costs for
the system. Unfortunately, the complexity of the model makes mathematical evidence
difficult to predict and to analyse the characteristics of the system. Nevertheless, the
application of the model in VBEMS offered results that are characterised as rational.
Finally, we gave the integer programming formulation for the geographical distribution
of the system’s fleet at the stations of a service area which is another important issue for
these systems and has a great impact on their efficiency.
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