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Abstract—This paper presents a new hybrid
algorithm and its application to a classical
ambulance deployment problem. In the proposed
algorithm, a discrete event simulation model is
embedded into a heuristic algorithm, in order to
determine a high fractile-performance ambulance
deployment strategy. The applicability of the
proposed algorithm is demonstrated in the case
study of Dofia Ana County's emergency medical
service system. The results demonstrate that the
proposed algorithm is a practical and flexible tool
in solving realistic emergency medical service
deployment problems.
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I.  INTRODUCTION
A. Background

With the rising number of retired baby boomers and a
constantly increasing trend in emergency medical
service (EMS) demand, ambulance service providers
are facing the most critical challenges of their history
[1]. In addition, the EMS systems are facing another
issue, i.e., the increment of the EMS system operating
costs, which are also being impacted by the
continuous rising costs of fuel, professional labor, and
technology improvement. To overcome these
challenges, ambulance service providers must find a
way to continuously optimize resources. There are four
attributes for the EMS system to be nationally
considered as high performance: clinical excellence,
response-time reliability, economic efficiency, and
customer satisfaction within budget constraints [2].
Among them, the response-time reliability takes a
major role in the patients’ outcome. Therefore, the
response-time reliability is the main driver of this
research, and the goal of this research is to improve
the ambulance deployment strategy by identifying
good locations for the base station of the ambulances
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and its fleet size so that more accurate deployments of
resources can be accomplished. This would reduce
operating costs while improving the EMS system
reliability.

B. Emergency Medical Service (EMS) System

EMS system consists of the organizations, individuals,
facilities, and equipment where participation is
required to ensure timely and medically appropriate
responses to each request for out-of-hospital care and
medical transportation [3]. Every response to an EMS
request proceeds in stages from receipt of the request
through delivery of the patient and return of the
responding units to available status. Each ambulance
is placed at a pre-determined base station and waits
for an EMS request. When an EMS request call
arrives, the control room dispatcher evaluates the
system status and determines which ambulance to
send to the scene. Decisions of dispatching and
ambulance location are critical factors in EMS system
success.

C. Ambulance Response Time (RT) and system
Reliability

The ambulance response time is the interval between
when the system first gains enough information to
initiate a response and the time a properly equipped
and staffed ambulance arrives at the scene [4]. About
half the systems start the response time clock when
the call is received, and some systems are at the
receipt of dispatch. Yet, others start the clock when
the ambulance wheels begin to roll. The national
standard set by the Commission on Accreditation of
Ambulance Services (CAAS), 90% of EMS request
calls within an urban area should be responded to
within 8-minutes, whereas the target RT for suburban
and rural areas are 15:59 and 20:59, respectively. As
a measure of response time performance, we use
fractile response time. The fractile response time is
the percent of responses within a defined time limit,
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and is the preferred method to measuring system
performance [2].

Il. LITERATURE REVIEW

A. Discrete Event Simulation (DES) for
Emergency Medical Service (EMS) Systems

A simulation can be defined as numerically exercising
a model for the inputs in question to see how they
affect the output measures of performance [6]. A
computer simulation can be seen as a way to conduct
such thought experiments leading to prediction, proof,
and discovery [7]. Unlike the closed form of analytic
models, which are often capable of being solved
exactly due to a principal understanding of system
relationships, complex models that require simulation
are often stochastic in nature, preventing any
definitive prediction. One of the earliest applications of
the simulation modeling to EMS system was done by
Savas [8]. He conducted a case study of the district of
New York, and concluded that the dispersion of the
ambulance base-location improves the efficiency of
the EMS systems. Later, it was supported by Monroe
who conducted a similar study for Madison, Wisconsin
[9]. Fitzsimmons combined the queueing theory and
simulation model to analyze the EMS system of San
Fernando Valley area in Los Angeles, California [10].
A similar approach was proposed by Franci in Italy
[11]. Both of them concluded that the systematic
distribution of ambulances throughout the region is
more important than simply increasing the total
number of ambulances in the system. They also
described the importance of the dimension of
coverage area as well as the volume of calls
generated in that specific area. Lubicz and Mielczarez
described that, after the EMS system reached a
certain level, simply adding more ambulances to the
system will not help improve system performance [12].
They also pointed out that increasing ambulance
utilization could lead the system to an unacceptable
level of the system performance.

B. ANOVA

Single-factor ANOVA is used to test if the means from
more than two populations or groups are equal. By
using it, we are able to group the data and find an
improved ambulance deployment strategy for each
group. The relevant null hypothesis is “population
means are equal” whereas, the alternative hypothesis
is “at least two of the population means are different”
[12]. The basic assumptions required to use the
ANOVA include: (1) each sample is an independent
random sample, (2) homoscedasticity, and (3) the
distribution of the response variable follows a normal
distribution. ANOVA tests the given null hypothesis
versus the alternative hypothesis by using the F
distribution. The F distribution is a continuous
probability distribution that is most widely used with
ANOVA. The post-hoc tests (i.e., usually all pairwise
comparisons) in ANOVA is the follow up analysis
when the null hypothesis has been rejected and
additional exploration of the differences among means
is needed to determine which means are significantly

different from each other. There are several multi-
comparison techniques with different agendas,
however, the investigator should be careful to choose
the most appropriate method for the particular goals of
the study. Typical post-hoc tests are: LSD, Duncan,
Tukey, Bonferronni, and Scheffe [12]. Due to the
economic implications of adding or eliminating
ambulances to the system, we use Tukey post-hoc
test in this study.

I1l. METHODOLOGY

This section describes how various concepts and
techniques of statistical data analyses, clustering
algorithm, simulation modeling, and heuristic
algorithm can be utilized to identify good locations of
the ambulance base station and the fleet size of the
ambulance. The applicability of these techniques is
demonstrated in the case study of Dofia Ana County’s
EMS system.

A. Review of Data

Dofla Ana County occupies a total area of 3,815
square miles in south-central New Mexico and is the
home to more than 210,000 residents. The County is
divided into three distinct ambulance zones, described
below as Central, Northern, and Southern Counties
(Dona Ana County Ambulance RFP, 2014). The
Central Dofia Ana County is primarily urban and
includes many different fire districts. The City of Las
Cruces is the county seat and is located in the center
of the county, which is the largest user of county
ambulance services. The Northern Dofia Ana County
is primarily rural and consists of only a few fire
districts with a population of less than 2400 in each
fire district (2012 Census Population). The Southern
Dofla Ana County is primarily suburban. In this study,
each of these ambulance zones have been
subdivided into smaller response time compliance
areas, where there are three different response time
divisions (i.e., urban, suburban, and rural) based on
population density.

The County currently considers two types of reporting
categories, i.e., Codel and Code3. The Codel is an
emergency perceived as a non-life threatening
situation. This type of emergency is responded
without use of lights and sirens. The Code3 is an
emergency perceived as a life threatening situation.
This type of emergency requires the immediate
dispatch of an ambulance with use of lights and
sirens.

Emergency response data was collected by Mesilla
Valley Regional Dispatch Authority (MVRDA) and
provided by American Medical Response (AMR). The
original data includes 31,614 emergency call records
that cover the entire Dona Ana County for a 2 year
period from January 1, 2012 to December 31, 2013.
We visualize the emergency call locations on the map
using ArcMaps software (see Fig. 1). The current
study includes 27 potential candidate site stations for
ambulance vehicles, which were identified by the
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Dona Ana County and AMR. The actual locations are
also depicted on the map in Fig. 1.

e

¢ EMS Call Location
@ [ Candidate site locations

Fig. 1. Emergency call locations of Dofia Ana County (2012-
2013) and Initial 27 candidate site locations including three
hospitals

B. Descriptive analysis

According to literature surveys, there are some critical
factors for driving response time performances and
reliabilities. They are (1) abilities to understand and
predict call volumes based on the time of the day, (2)
abilities to understand and predict call volumes based
on the days of the week, (3) abilities to understand
and predict call volumes based on the month of the
year, and (4) abilites to understand and predict
geographical locations of the calls [3]. Therefore, we
reviewed the County’s emergency call volumes and
trends based on different times of the day, different
days of the week and different month of the year, and
summarize as follow. About 65% of the calls occurred
from 10am to 10pm, and the highest system demand
occurred during the lunch time (12pm-1pm) with an
hourly average of 2.4 calls. The weekly peak demand
occurs on Friday. However, there are no significant
differences on the call volume among the seven days.
It is also observed that relatively high demands
occurred from January through May. Note that more
than 55% of the calls were generated in the County
during these 5 months. Next, we have conducted
statistical analyses to test if all these patterns are
significant, which will provide more accurate
information for simulation modeling later.

C. Tests for the equality of means and coefficient
of variation

On-way ANOVA was performed to test for population
equal means considering time (e.g. months) as the
only factor. Note that, when significant omnibus F-test
was obtained, Tukey’s post-hoc tests was followed to
define month-groups. The data was analyzed by
months to determine if emergency demand is
sensitive to month of the year. According to the one-
way ANOVA results, there are significant variations in
the call volumes among 12 months of the year with a
p-value < 0.0001. The Shapiro-Wilk test fail to reject
the null hypothesis, therefore it is concluded that data
is normal. Result from the Tukey’s test indicates that

year demand should be broken down into three
groups (i.e., January through May, June, and July
through December). The coefficient of variation
analysis also shows that grouping the EMS request
calls into peak hours (10am-10pm) and off-peak hours
(10pm-10am) seems reasonable. In modeling the
computer simulation as well as conducting the
analysis, therefore, the EMS request call data are
grouped into three distinct periods, namely, January
through May, June, and July through December, and
then these three periods are subdivided into peak
hours (10am-10pm) and non-peak hours (10pm-
10am).

D. K-means data clustering algorithm

In EMS simulation models, locating each single
demand separately is computationally impractical
because of considerably large amount of calls
received by EMS systems. Therefore, the emergency
response data were grouped together based on the
similarities of their geographical location. For this
purpose, we have applied K-means clustering
algorithm to the data set to find the partition of
emergency call locations so that the distances
between the call locations within the same cluster are
minimized. In the K-means algorithm, initial centroids
are often chosen randomly, and the centroid is
typically the mean of the points in the cluster. It is also
important to note that different initializations in the K-
means algorithm can lead to different clustering since
the algorithm does not guarantee to find the global
optima. In order to overcome this shortcoming, for a
given number of clusters K, we have run the K-means
algorithm with several different initial partitions, and
we chose the one with the smallest value of the sum
of squared errors (SSE). We have also run the
algorithm independently for different values of K, and
the partition that appears the most meaningful to the
system is selected. Note that a cluster with a heavy
weight is highly likely to generate more emergency
calls than a cluster with a lighter weight in our
simulation model. In general, increasing the value of K
will reduce the sum of squared error (SSE). However,
a good clustering with smaller value of K can lead to
have a lower SSE than a poor clustering with higher
value of K. With these in mind, we have carefully
chosen K=18 as the desired number of clusters for the
Dona Ana County’s emergency call data. The K-
means clustering algorithm applied to the County’s
historical emergency call data produces a set of
centroids capturing patterns corresponding to the
error function. They are mapped in Fig. 2, where
different clusters are represented by different color
and 18 centroids are denoted by asterisk.
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Fig. 2. 18 clusters and their centroid locations for the County’s
EMS request call data.

All of these 18 centroid locations are specified on the
map in Fig. 3, which helps us for a better
understanding of where these points are physically
located in the Dofia Ana County.

® Rural
@® Suburban
' Urban

Fig. 3. Classification of the 18 centroids.

Among these 18 service locations, 10 centroids are
identified as Urban areas that are located in the center
of the county, which are represented by light-green
dots, and we use the Standard RT of 0:08:59. Only
one of them is identified as a Rural area which applies
to the Standard RT of 0:20:59. This rural area is
represented by pink dots. The other 7 centroids were
classified as Suburban area, which are represented
by red dots and we use 0:15:59 as the Standard RT.
Five of them are located in the Southern Dofia Ana
County and two of them are in the Central Dofia Ana
County. All of this classification information will be
used to model the geographical distribution of
emergencies in our simulation model later.

E. Discrete Event Simulation

Discrete event simulation (DES) is one of the major
paradigms in computational simulation modeling,
which built around events and the related states of the
system. The DES provides a proven venue for
representing confounded systems in a traceable and
rigorous manner that is particularly useful for gaining
insight into complex problems. We used the SIMIO
computer simulation package as our architecture to
build the simulation. Our simulation model is

composed of three primary modules, ambulance,
patient, and control center modules (see Fig. 4).

EMS System

Ambulance Module

Control Center Module l T

Fig. 4. Event diagram for the basic EMS system module
(Source: [14)).

Interaction between modules is essential as the
dispatching decision is dependent on the availability of
the ambulance and the medical evaluation status of
the patient.

Each ambulance is placed at a pre-determined base
station and waits for an EMS request. The ambulance
starts its task upon request from the control center.
First, it arrives at the scene. Then, it provides initial
medical treatment. After the initial treatment at the
scene, the ambulance may or may not provide
transportation to a hospital. If transportation is not
required, the ambulance is assigned to another call or
returns directly to its base from the scene. Otherwise,
the ambulance transports the patient to a hospital,
and then either provides inter-facility transportation
service, responds to another call, or returns to its base
station.

Each patient enters the system by generating an EMS
request call. After a certain period of time waiting, the
patient receives initial treatment at the scene. If the
patient requires a higher level of medical treatment,
then he/she is transported to a hospital. Otherwise,
the patient exits the EMS system.

The dispatcher at the control center is the decision
core of the entire EMS system. When an EMS request
call arrives, the dispatcher evaluates the system
status and determines the appropriate ambulance to
send to the scene. The decisions of dispatching and
ambulance location are critical factors in the success
of the EMS system. The standard dispatch strategy is
to send the closest ambulance that is either idle at its
base station or returning from a previous assignment.
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F.  Hybrid DES/Heuristic Algorithm

The EMS system configuration resulted from the
simulation run may be feasible or infeasible with
respect to satisfying the target fractile response time.
In this section, we present a hybrid algorithm, where
the discrete event simulation (DES) model is imbedded
into a greedy like heuristic algorithm. The heuristic
algorithm aims to modify the system configuration
resulted from the simulation run in order to meet the
targeted fractile value of the response time. The basic
idea is that the new system configuration is obtained
by moving a set of ambulance vehicles between
potential location sites or adding a set of ambulances
on potential site locations. The complete details of the
hybrid algorithm are depicted in Fig. 5.

‘ Intialization ‘

Clustering emsrgency call locations &
Identifying centrids ofeach duster

Cenfigurstions Cenfigurstion®
Add one ambu\ancemlna busiest Randomly allecate each ambulance to
mﬁerem station

Run s\mu\abﬂn ar\u Recond factie

| K-means dustering algorithm |

Configurstioni

Eliminate one ambulance from the
least busy station

Run swmu\a‘nr\ am‘l Record factile

Weet the target

Facile value?
Corfigurstion=
Choose/Record Configuration #i and

its fractile valus.
Gonfiguration #A is the best solufon
Configuration #A has
he highsst fractils valus2

Choose the configuraton that hasthe
nighest Factile value

Fig. 5. Hybrid DES/Heuristic framework
(Source: [13] and [14]).
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IV. RESULTS AND DISCUSSION

The hybrid DES/Heuristic algorithm was implemented
on randomly generated data, and we have obtained
the best system configuration for each of the six
different time frames. The results are summarized in
Tables | through IV, where their system performances
are compared to the ones from the County’s current
system configuration. Note that the proposed system
arrangement for the non-peak hours are the same as
each other throughout the whole year.

TABLE |. Performance Comparison (January — May during peak-

hours)
ot Fof Fractile of RT (%) Average RT (min)
bl Ambulances Overall Overall
Configuration Required Uban | Suburban | Rural | /0 | 98%Cl | B0 | 95% CI
SYS cursnt 10 7835 | 8033 | 9879 | 7oua | B2 9.52 92
SYS proposed 10 10 0201 | a7s4 | oam | erea | PO 6.50 Fys
SYS propased best " 93.12 91.13 979 927 %23 %‘g 6.39 %256'

TABLE II. Performance Comparison (June during peak-hours)

TABLE lIl. Performance Comparison (July — December during
peak-hours)

#of Fractile of RT (%) Average RT (min)
System Ambulances 0 0 6] 0
Configuration a a vera o O veral 2%

Required Urban Suburban Rural Average 95% CI Average 95% CI

SYS curent 10 812 85.83 1 s273 | 05 825 o

- 6.05-

SYS progosed pes 0 9317 | 9463 1 oes | 2o 645 | 02
SYS proposea_10 10 95.35 9547 9952 | 9545 %55%2' 574 i%%’

TABLE IV. Performance Comparison (January — May during
nonpeak-hours)

#of Fractile of RT (%) Average RT (min)
System Ambulances O M O 1
Configuration Required Urban | Suburban | Rural Av‘éf;;e 95% CI Av“;;%e 95% CI
SYS cument 7 5713 028 9857 | 664 ona o | Y
SYS proposed._best 6 9152 | 9428 | 9778 | @21 pyes 601 a6
SYS proposed.7 7 osg | o043 | o798 | oser | L5 582 502

For example, for the case of system configuration
during peak-hours from January to May, the proposed
simulation optimization model was able to find a
feasible solution (i.e., SYS proposed best), Which satisfies
the minimum compliance rate for all three service
areas (see Table I). It recommends operation of 11
ambulances and records the fractile rates of 93.12%,
91.13% and 97.9% for Urban, Suburban, and Rural
areas, respectively, and overall 92.7%, as well. The
corresponding 95% confidence interval (Cl) is
between 92.34% and 93.60%. Since the County
currently operates only 10 ambulances, for the
comparison purpose, we also provide a system
arrangement, which utilizes only 10 ambulances (i.e.,
SYS proposed 10)- With  this modification (i.e., SYS
proposed_10), the proposed system did not meet the
minimum compliance rate of 90% in the Suburban
area. However, the recorded values of the fractile of
RTs in the Urban and Suburban areas are a lot higher
than the ones from the current system.

V. CONCLUSION

The primary criterion for responsiveness of EMS is the
response time. Although the response time is not the
only measure of performance, it takes a major role in
the patients’ outcome. Therefore, our research was
focused on improving the response-time reliability by
identifying good locations for the base station of the
ambulances and its fleet size. We performed
statistical data analysis for homogeneity tests of data
and K-means data clustering algorithm for the natural
groupings of the EMS request call locations. We also
proposed a hybrid DES/Heuristic algorithm, in which a
DES model is embed into a greedy like heuristic
algorithm to identify and evaluate a set of base
locations for ambulances and its fleet size.

The proposed DES/Heuristic algorithm was able
to find the best system configuration for each of the
six different time frames. The results demonstrate that
the proposed algorithm is a practical and flexible tool
in solving realistic EMS deployment problems. By
using it, the EMS provider can enhance the delivery of

S B Frcile o RT 00 _ oo T emergency services to the residents, which has a
Configuration | “poquireq | Urban | Sububan | Rural | D | oswcl | o8| 05% Cl promising potential that will benefit the local
SYS curent 10 8083 | 8063 o | sris | 5 885 | 82:951 Community_
SYS proposed_best 9 92.42 93.8 1 92.88 %23 15337 6.35 %“5(‘2
SYS praposen 10 10 9302 | o302 | a7 | esgwr | i 598 S
WwWw.jmest.org
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