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Abstract of Praxis

Improving Critical Patient Outcomes through Geospatial
Optimization of Paramedic Ambulance Locations

Ambulance response time is a paramount factor contributing to patient outcomes
of critical medical emergencies, particularly cardiac emergencies. In Ventura County,
California, we established that over an 11-year period there was no significant difference
in ambulance response time between critical medical emergencies and other medical
emergencies. The objective of our research was to show response times to critical
medical emergencies, which in Ventura County are primarily cardiac emergencies, could
be improved through the optimization of ambulance staging and stationing locations.
Incident location data was analyzed to optimize ambulance locations using the Ventura
County road network dataset and various geospatial analytical tools available from the
Environmental Systems Research Institute (ESRI), including ArcMap and ArcGIS Pro
software. Using the Google Distance Matrix Service (GDMS) we showed response times
from our optimized locations would be, on average, 134 seconds faster the historical
response times. We showed that using optimized ambulance locations could achieve a 43
percent improvement meeting Ventura County Emergency Medical Service (EMS)
Agency’s 8-minute response time ambulance contract metric. Accounting for the other
time periods involved in the response process, we translated response time into time-
from-first-ring at the public safety answering point (PSAP) to time-at-patient-side. To
infer improvement of critical patient outcomes, we cited research that found a 134 second
decrease in response time correlates to a 17 percent increase in the probability a cardiac
patient will survive one day, and a 38 percent increase in the likelihood a cardiac patient
will survive 90 days. These response time improvements were achieved to the detriment

Vi



of non-critical medical emergency response times. Additionally, we showed optimized
ambulance locations achieve a 60 percent improvement (15,315 versus 9,587 incidents)
meeting the 8-minute total response time (time-of-first-ring to time-at-patient-side) goal
for defibrillation of patients in cardiac arrest. Furthermore, if responding from an
optimized location, we predicted the probability a paramedic will arrive at patient-side

within 8-minutes (from time-of-first-ring to time-at patient-side) increases by 36 percent.
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Chapter 1: Introduction

In Chapter 1 we orient the reader to the geography of Ventura County, California,
discuss the basic terminology of Emergency Medical Services (EMS) and explain how
the citizens of Ventura County are served with ambulances by private companies under
contract with the Ventura County EMS Agency. We discuss non-governmental and inter-
governmental partnerships that support the delivery of EMS services in Ventura County
while focusing on their nexus with the Ventura County Fire Department’s (VCFD) Fire
Communications Center (FCC). We review the many computer, telecommunications, and
information systems integrated at the FCC, which is Ventura County’s regional Fire and
EMS Public Safety Answering Point (PSAP). Notwithstanding the best intentions of all
EMS partner agencies and stakeholders, we show there is no statistically significant
difference in response time between critical medical incidents and all medical incidents in
Ventura County. We theorize that response times to critical medical emergencies could
be reduced through geospatial analysis of historical data and present hypotheses we must

prove to support our thesis.

1.1 Emergency Medical Services in Ventura County

Emergency Medical Services (EMS) in California are regulated by the State EMS
Authority and Local EMS Agencies (LEMSA). In Ventura County, the LEMSA is
chartered as a governmental entity within the Public Health Department of the County of
Ventura, henceforth “the County”. (CA.GOV, 2018) The County LEMSA contracts with
private companies to provide Advanced Life Support (ALS) ambulance services, also
known as paramedic ambulance services, including the transport of patients to hospital

emergency departments (ED’s). The current County contactors are Gold Coast



Ambulance, Lifeline Medical Transport and American Medical Response. These
contractors operate 26 ALS ambulances that are stationed at ambulance facilities located
across Ventura County. In Ventura County the paramedic ambulances often stage at or
near established intersections, also known as drop points or move-up locations, rather
than from fire stations. Ambulance companies lease apartments, as living quarters for
their crews that, while dispersed across the many jurisdictions served by the EMS
Agency, are not necessarily optimal locations for paramedic ambulance staging.
(Shepherd, 2017)

Ventura County, with a population of 854,000 and an area of 2,208 square miles,
is located in southern California and is bounded by Santa Barbara County on the west,
Kern County on the north, Los Angeles County on the east, and the Pacific Ocean on the
south. Ventura County has ten incorporated cities and many unincorporated communities.
The cities in Ventura County are: Camarillo, Fillmore, Moorpark, Ojai, Oxnard, Port
Hueneme, Santa Paula, Simi Valley, Thousand Oaks and San Buenaventura, also known
as Ventura. Over 99.9 percent of the population is concentrated in the southern half of
the County where 25 of the 26 ambulances are stationed. The north half of Ventura
County is predominately uninhabited, covered mostly by the Las Padres National Forest.
The 26™ ambulance is stationed in a remote northern valley community known as
Lockwood Valley. Our research excludes the Las Padres National Forest, the tiny

community of Lockwood Valley, and the 26" ambulance.

In some jurisdictions of California, particularly in large metropolitan areas,
LEMSA contract with Fire Departments to provide ALS ambulance services and

transport patients. (Shepherd, 2017) While this is not the case in Ventura County, the



Ventura County Fire Department (VCFD) and the City of San Buenaventura Fire
Department staff some fire resources, also known as units, including medic-rescues,
medic-engines and medic-trucks, with firefighter-paramedics. (Zinskey, 2017) The
ambulance contract metrics, illustrated in Table 1.1, relax the National Standard 8-minute
response time goal for response time to some critical medical incidents by 2-minutes, to
10-minutes, if fire service paramedics arrive on-scene prior to 8-minutes. Our research
excludes fire department responses to medical incidents in favor of focusing explicitly on
ambulance response times. In our research we do not relax the 8-minute response time

goal.

ALS ambulances in Ventura County are dispatched by the VCFD, which operates
a regional dispatch center called the Fire Communications Center (FCC), also known as a
secondary public safety answering point (PSAP) or E9-1-1 dispatch center. The FCC
dispatches fire resources for all five fire departments in the County and dispatches ALS
ambulances for three ALS providers serving Ventura County. The FCC uses a computer
aided dispatch (CAD) system to recommend the closest-available paramedic ambulance
for assignment to each medical incident. The closest-available ambulance is determined
by CAD using the incident location, the location of every available paramedic
ambulance, and the road network dataset, also known as the County Centerline. Metadata
in the County Centerline includes speed limits and road closures that inform the closest-
available ambulance recommendation. Fire resources, even those staffed with firefighter-
paramedics, are assigned simultaneously, but independently, and are thus not a
component of the algorithm that recommends ambulance assignments. The CAD is also

capable of basing recommendations on live traffic conditions, but this feature is not



currently enabled in the County. (Tenbrook, 2017) The closest-available dispatch process
is facilitated by Global Positioning Systems (GPS), high-speed data modems and
computers installed in every paramedic ambulance operating in Ventura County. It
should be noted that in Ventura County, ambulance assignments are made based solely
on the fastest driving time estimated by the CAD system, notwithstanding the company
that owns and operates the ambulance or the jurisdiction of the emergency. (Shepherd,

2017), (Zinskey, 2017).

EMS systems are often described in terms of tiers. In a one-tier system, an ALS
ambulance is dispatched to every emergency medical incident. In a two-tier system, ALS
ambulances are dispatched to higher response level medical incidents and Basic Life
Support (BLS) ambulances are dispatched to the balance of medical incidents. BLS
ambulances are staffed with emergency medical technicians who have significantly less
education and experience than do paramedics. The County operates a one-tier EMS
system with a caveat, select fire resources from several departments are staffed with
firefighter-paramedics. Consequently, the ambulance contact performance metrics have
extended response time thresholds for ALS ambulance response times to priority one
medical incidents if a fire-fighter paramedic or another non-ambulance paramedic arrive
first. (Shepherd, 2017) This is not relevant to our research because we are not evaluating

contract compliance.

In addition to dispatch services, the FCC manages ALS ambulances in Ventura
County according to business rules adopted by the private ambulance companies and
approved by the LEMSA. Management of paramedic ambulances, also known as system

status management (SSM), is a business practice aimed at ensuring the ambulance



companies remain in compliance with their LEMSA contracts. It entails moving
paramedic ambulances to predetermined staging locations, also known as move-up
locations, in consideration of the availability and location of all other paramedic
ambulances in Ventura County. Ambulances generally return to their quarters during the
night but remain subject to relocation according to established business rules. In Ventura
County, SSM is accomplished by a combination of automated and manual methods under
the direction of an expressly qualified, solely assigned, FCC dispatcher. The goal of SSM
is to dynamically reposition available paramedic ambulances to maximize coverage
across the County, and thereby meet or exceed established response time thresholds as

defined in the LEMSA ambulance contract. (Shepherd, 2017)

Emergency incidents are classified by the FCC call-taker as either fire or medical,
and assigned an incident description, also known as a call-type, which has an associated
response level in the CAD system, also known as the priority. The County ambulance
contract establishes response time-based performance metrics by incident priority level
aligned with the population density of census tracts. Table 1.1 provides the ambulance

company contract response time compliance metrics in Ventura County.

Table 1.1 Ambulance Contract Response Time Compliance Metrics

Sample Metrics Priority 1 Priority 2
Population Response Percentile Response time Percentile
Density time

Level 1 8/10* mins 90 15 mins 100
Level 2 20 mins 90 40 mins 100
Level 3 30 mins 90 40 mins 100
Other Areas ASAP  * Time extended by the arrival of a non-ambulance paramedic.



1.2 Problem Statement

Response time is a lifesaving factor in the outcome of critical medical
emergencies, especially so in the case of cardiac arrest. Other factors involved with the
delivery of ALS including staff proficiency, equipment quality, medical protocol,
communication, and command & control are equally important but are not within our

scope of research. (Peleg and Pliskin, 2004).

The County LEMSA’s system strives to get qualified cardiopulmonary
resuscitation (CPR) started on patients suffering cardiac arrest within 4 minutes and
defibrillation, also known as shock-on, within 8 minutes. (Shepherd, 2017) Depending
upon the type of medical emergency, the importance of response time varies from a
matter of life-and-death to an inconsequential wait for a ride to the hospital emergency
department. As illustrated by Table 1.1, the Ventura County LEMSA Ambulance
Contract establishes metrics that favor critical medical emergencies, also known as
priority one (1) medical emergencies, over other medical emergencies. However, we
show the SSM system is not optimized to provide a faster drive time to critical medical
emergencies than to all medical emergencies served by paramedic ambulances. Drive
time is identified in the CAD system database as <fixed_time_enroute>. Data from
439,989 medical incidents in Ventura County during the period 2007-2017 show only a
1.0689 second difference in mean ambulance <fixed_time_enroute>, and a 3 second
difference in median ambulance <fixed_time_enroute> between all medical incidents and

critical (priority one response level) medical incidents.
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Source: VCFD CAD Database 2007-2017
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Figure 1.1 Ambulance Fixed_Time_EnRoute, Priority One vs. All Medical
Ventura County Priority One Medical Incidents 2007-2017

The chart at Figure 1.1 illustrates the frequency of this data, and the table at Table
1.2 provides a comparison of the statistics. Clearly, there is no statistically significant
difference between the <fixed_time_enroute> of priority one medical incidents and the

<fixed_time_enroute> of all medical incidents over the period 2007-2017.

Table 1.2 Ventura County Ambulance Fixed _Time_EnRoute Statistics

Statistics \ Priority One All Medical
Response Level Comparison

Count 20,723 439,989
Mean 317.9596 sec 316.8907 sec
Median 277.0000 sec 274.0000 sec
Standard Deviation 238.1602 sec 227.0694 sec
Sample Variance 56720.2742 sec 51560.4905 sec

Drive time is but one segment of response time which consists of several intervals

beginning with the time of the first-ring at the FCC and includes the pickup-to-assign



time, turn-out time, drive time, and curb-to-patient-side time. Response time is an
ambiguous term. Used colloquially it could refer to the time interval of any of the nodes
in the process. Figure 1.2 illustrates the response time segments for medical incidents in
Ventura County; one can easily see how response time can be misconstrued. For proving
our hypothesis, we define response time as the interval from the time the ambulance is
alerted to the time the ambulance arrives on-scene. This aligns with the metric used by
the EMS Agency for ambulance contract compliance. For making inferences about
patient outcomes, we define response time as the interval from the time-of-first-ring at
the PASP to the time the paramedic arrives at the patient’s side. (Salvucci, 2017)
Otherwise, the ambiguity of the term is not relevant herein because we are focused on
deriving the drive time component of the response time. Drive time is usually, but not
always, the longest segment of response time. It is arguably the segment of response time
where the most improvement can be attained. We have high confidence in the accuracy
of the pickup-to-assign time (AT) and the ambulance turn-out time (TT). The AT is an
FCC performance metric reported by the VCFD. The ambulance TT is calculated from
CAD as the interval between the alert time and the “en-route” time. We have lower
confidence in the accuracy of the curb-to-patient side time because it is provided by the
ambulance companies to the LEMSA. Pickup to assign time and curb to patient side time
from these time segments are provided for making medical inferences about patient

outcomes and are not necessary to prove our hypotheses.
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Figure 1.2 Dispatch to Arrival - Operational Process Flowchart with Times

When a citizen calls 9-1-1 to report a medical emergency, the call is immediately
routed to the appropriate PSAP. In Ventura County all medical incidents are routed to the
VCFD’s FCC. The reporting party describes the patient’s symptoms or mechanism of
injury to a call-taker trained in emergency medical dispatch (EMD). The call-taker
utilizes a series of nested questions and answers to assess the patient’s condition and
assign the incident a call-type, also known as incident description, which dictates the
priority of response-level (Clawson, 2012). Priority one (1) incidents are the highest
priority incidents and they are handled with a greater sense of urgency by dispatchers and
paramedics alike (Zinskey, 2017). For instance, on priority one (1) incidents, units are
assigned and alerted while EMD is still ongoing, and ambulances are instructed to
respond Code 3, with lights and sirens, while driving to priority one (1) emergencies

(Shepherd, 2017). In some cites traffic light interrupters are also available for use.



Table 1.3 Ventura County Priority One (1) Response Level Call Types

Priority  Incident Description Response Level CAD Code
M1 Breathing Problems High Medical High Plus DIFBREH
M1 Breathing Problems Non EMD Medical High Plus ZDIFBRE
M1 Cardiac/Respiratory Arrest Non EMD Medical High Plus ZNOTBRE
M1 Cardiac Respiratory / Arrest/Death Medical High Plus NOTBRE
M1 Cardiac/ Respiratory Arrest/Death High Medical High Plus NOTBREH
M1 Chest Pain Non-Trauma High Medical High Plus CPH

M1 Chest Pain Non-Trauma Non EMD Medical High Plus ZCP

M1 Choking High Medical High Plus CHOKEH
M1 Heart Problem High Medical High Plus HEARTH
M1 Heart Problem Non EMD Medical High Plus ZHEART
M1 Unconscious/Faint High Medical High Plus UNCONH
M1 Unconscious/Faint Non EMD Medical High Plus ZUNCON

When considering the problem of minimizing driving time to critical medical
emergencies we utilize the highest priority response level, priority one (1), also known as
medical high-plus, to differentiate critical medical incidents from all other medical
incidents. Table 1.3 lists the medical call-types designated priority one (1) by the
LEMSA medical director. A comprehensive list of all call-types and their associated
response level can be found at Appendix A. The call-types assigned the highest priority
of response may be different elsewhere in the United States or abroad. It is important to
note that in Ventura County the preponderance of priority one (1) medical incidents are
either a cardiac arrest or an emergency with the potential to have a cardiac component.
This premise is paramount to making inferences about patient outcomes from the results

of our research.

We use the VCFD CAD database as a source for our location data. While there
are other databases, we find the CAD database to be the most accurate and complete
source of incident information available. Like all fire departments in the United States,

the VCFD maintains a National Fire Incident Reporting Service (NFIRS) database, also
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known as a records management system, which captures historical incident information
for reporting purposes. In Ventura County a fire unit from one of the five (5) fire
departments responds to every critical medical emergency, which creates an incident
record in NFIRS. The NFIRS databases were not used in our research because there are
five separate NFIRS databases in the County, while just one CAD database serves all
jurisdictions. In the CAD database, all times are recorded automatically and cannot be
edited by first responders. Furthermore, in the CAD database, the incident description is
sometimes updated by dispatchers during the response to make it more accurate. For
instance, an incident initially dispatched as a priority one (1) “Breathing Problems High”
may get downgraded to a priority three (3) “Dead on Arrival” if the patient was found to
be in rigor mortis and, if this finding was reported to the dispatcher while the incident
was still in an active status. In this example, the incident would not be included in our
data set of priority one (1) medical incidents because of the downgrade from priority one

to priority three. (Zinskey, 2017)

Technological innovation started to become prevalent in E9-1-1 dispatch centers
approximately twenty years ago. The proliferation of GPS, broadband, and mobile CAD
stations in ambulances has facilitated the collection of vast and accurate time, and
ambulance position information associated with medical incidents. This location data, of
prime interest to our research, was not previously available. Ventura County’s
modernization took an enormous leap forward with implementation of an operational
shift to closest-available resource dispatching, which coincided with the opening of a new
and innovative regional dispatch center in November 2006. Consequently, over the past

decade Ventura County has collected sufficient data to predict when and where critical
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medical emergencies are more likely to occur. Our research would be impossible without
this relatively nascent treasure trove of data, and we may be the first to analyze it with the
aim of improving ambulance response times to critical medical emergencies using the
methodology we pursue.

The CAD and SSM systems are but two of many complex and inter-related
systems and systems of systems resident in law, fire and EMS PSAPs, which are
necessary to promulgate citizen requests for emergency services and initiate appropriate
first responder actions. These systems of systems include GIS, GPS, telephone systems
(E9-1-1, ringdowns, intercoms, business, satellite, and 10-digit emergency), computer
networks (State and Local government), resource and station alerting systems, land
mobile radio (LMR) networks, broadband data networks (commercial and private), audio
recording and retention systems, situational awareness systems, video systems, Medical
Priority Dispatch Systems (MPDS), personnel qualification and staffing systems,
uninterruptable power supply (UPS) systems, and backup systems for all the
aforementioned. Engineering management and systems engineering are critical
disciplines during acquisition and throughout the life cycle of each system. Particularly
important are the interfaces between systems within the PSAP’s system of systems. A
diagram of the PSAP systems described herein can be found at Appendix B.

The systems expressly involved with our research are all interconnected. One or
more telephone systems may connect the citizen reporting the medical emergency with
the call-taker’s E9-1-1 system, which is connected to the State database to verify the
address and land-line phone number of the calling party or, in the case of a mobile phone,

is connected with one of many commercial wireless carrier databases to verify the GPS of
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the calling party, or the nearest cell tower. The E9-1-1 system is also connected to the
EMD system, audio recording and retention system, and the CAD system. The CAD
system is connected to the resource and alerting system which alerts the ambulance via a
private network and one of many commercial broadband networks, which are also
constantly reporting the GPS location and availability of all ambulances to CAD. There
are many other system interfaces unrelated to our research topic.

Systems engineers and their manager’s work to ensure the PSAP’s system of
systems are highly reliable, aiming to achieve 99.999 percent availability. The systems
must be fully redundant, easy to maintain, and meet all requirements of the jurisdictions
served, while also being affordable. ALS ambulance response time is a function of the
availability and accuracy of the system of systems to track the location of all available
paramedic ambulances and select the closest one at the time of every critical medical
emergency. Through our research we aim to optimize ambulance staging locations, input
to the SSM system, to achieve improved patient outcomes.

The GIS is a supporting system of the system of systems. It is an integral part of
the CAD system that is periodically updated with the most current geospatial data
available. The GIS product most pertinent to ambulance response time is the network
dataset, or road network, also known as the County Centerline. Theoretically, the analysis
to determine ambulance stationing and staging balances equitable service to citizens with
the efficiency of ambulance workload. Myriad well known ambulance location studies,
such as those by Daberkow and King (1977), Fitzsimmons (1973), Gordon and Zelin
(1970), Savas (1969), and Volz (1971) predate our era of mobile computing; including

the declassification by the US Government of 1-centimeter scale GPS technology,
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proliferation of commercial broadband data, hyperconnected ambulances, and big data
collection. (Young, 2018) We endeavor to demonstrate, in a post-modernization era,
ambulance position optimization could be applied to any continuous space problem
solution to improve patient outcomes. We’ll use existing GIS and CAD system data from
Ventura County, focus exclusively on incidents wherein response time matters, and
perform location allocation analysis to optimize ambulance positions to show faster
response times sufficient to argue improved patient outcomes are within our grasp. (Gosh
and Rushton, 1987)

We can use our GIS to model the interaction between the location of ambulances,
which are known as facilities in the GIS lexicon, and incident locations, which are known
as demand points. Our facilities are mobile, and by agreement, the FCC dispatches the
closest available resource notwithstanding any jurisdictional or corporate boundary; so,
we do not allocate demands from any geographical area to any facility. We measure the
cost of travel in time rather than distance because our network dataset is sophisticated
enough to compute precise travel times. We constrain our model to reasonable travel
times, targeting travel times that will translate to response times sufficient to meet goals
for improving outcomes.

Location allocation is an analysis that selects preferred facilities to serve demands
in order to solve one or more of the continuous space problem types we describe in
Chapter 2. We use the ESRI ArcMap and ArcGIS Pro software to perform location
allocation analysis with the aim of optimizing ambulance locations and subsequently
showing better response times can be achieved than those historically logged. (ESRI,

2018). We model drive times using an R-script we developed that calls an Application
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Program Interface (API) module of the Google Distance Matrix Service (GDMS) to run a
fee for service known as the “gmapsdistance” function. This script translates our raw
incident location data and ambulance location data into drive times for every ambulance
alerted to any Priority One (1) medical incident.

To provide additional context to our results we’ll predict the probability
ambulances will arrive according to our findings. Poisson distributions have been used
extensively to model ambulance arrival times or call-for-service times (Harewood, 2002),
(Lam, et al., 2014), (McLay and Mayorga, 2013), (Naoum-Sawaya and Elhedhli, 2013),
(Scott, et al., 1978), and (Chang and Schoenberg, 2009). However, we’re interested in the
elapsed time between the ambulance alert and the ambulance arrival on-scene, known as
the response time. We’re also interested in the elapsed time between the first-ring of the
call-for-service at the PSAP and the paramedic’s arrival time at patient-side. While the
Poisson processes would allow us to predict the number of incidents in a given interval of
time, we are interested in predicting the percentage of demands for ambulance services
that will be satisfied within given response time thresholds and the probability of success.
For this purpose, we’ll model our data as a normal distribution. It is important to note we
do not use probability predictions to prove our hypotheses, but to better understand our
results. The intricacies of our geospatial analysis, drive time model, and statistical

analysis are explained in greater detail in Chapter 3.

1.3 Thesis Statement
We believe drive times, and therefore response times, and consequently, patient

outcomes of critical medical emergencies can be improved through geospatial analysis of
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historical data to anticipate where critical medical emergencies are most likely to occur

and pre-position ambulances accordingly.

1.4 Research Questions

1) What is the difference in drive time between critical (priority one) medical
incidents and all medical incidents in Ventura County over the period 2007-2017? This
question was answered in Chapter 1. There is no statistically significant difference. This
fact supports the development of our problem statement.

2) Are there statistically significant spatial clusters of priority one medical
incidents in Ventura County over the period 2007-2017? Are these clusters different than
the clusters of all medical incidents in Ventura County over the period 2007-2017?

3) If we find there are statistically significant spatial clusters of priority one (1)
medical incidents, are we able to optimize locations from which paramedic ambulances
can respond to these emergencies? Where are the optimized locations?

4) Can we show optimized ambulance locations would provide faster drive times
to priority one medical incidents in Ventura County than what was achieved over the
period 2007-2017?

5) What effect will faster drive times have on ambulance response times?

6) What effect will faster drive times have on critical patient outcomes in Ventura

County?

1.5 Research Objectives
1) Demonstrate the advantages of using geospatial analytic methods to analyze

EMS systems.
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2) Demonstrate the usefulness to public safety of the vast amount of data now

collected by PSAPs.

3) Demonstrate the utility of location allocation heuristics to optimize ambulance

locations to reduce ambulance response times to critical medical emergencies.

4) Provide the impetus for further research into spatial, temporal, and

spatiotemporal analysis of demands for ambulance services.

5) Provide the motivation to configure an SSM system simulation using our

optimized ambulance locations.

6) Provide the inspiration to study a multi-tiered EMS system in Ventura County;
one where BLS ambulances respond to non-critical medical emergencies allowing ALS

resources to be reserved for critical medical emergencies.

1.6 Hypotheses
Statistically significant spatial clusters of critical (priority one) medical
emergencies inform optimized paramedic ambulance positions resulting in faster drive
times and faster response times to critical medical incidents.
H1o = Statistically significant spatial clustering of critical medical

incidents is not present in Ventura County.

H1a = Statistically significant spatial clustering of critical medical

incidents is present in Ventura County.

H2o = Geospatial optimization of paramedic ambulance positions does not

provide faster response times to critical medical incidents.
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H2a = Geospatial optimization of paramedic ambulance positions

provides faster response times to critical medical incidents
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Figure 1.3 Praxis Hypotheses Decision Tree

Figure 1.3 illustrates our hypotheses. It is logical to pursue testing these

hypotheses in order; H1, followed by H2. While the tests for these hypotheses are

independent it’s unlikely H2 could be proved unless H1 were true.

First, we will test hypothesis H1. The presence of statistically significant spatial

clusters of our critical medical incident location data, provides the foundation for

examining the clusters to optimize ambulance positions. The presence of statistically

significant spatial clusters reinforces our premise that the data we examine is spatially

random. Otherwise, the incidents would be more uniformly distributed. In other types of
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scientific research, like biology or epidemiology, we might use the Euclidian center or
Mean Center of these clusters to advance our work. However, we are interested in finding

the center of these clusters as an ambulance drives, as opposed to “as a bird flies.”

This leads us to our second hypothesis, H2. We use a more advanced geospatial
optimization tool known as Location Allocation to determine the optimal location of ALS
ambulance positions, based on all clusters in the study area, simultaneously considering
our fleet of ambulances. Then we use these optimized locations to compute optimized
drive times. A simple calculation converts the drive times to the response times we’ll
compare to test H2. The conversion entails just the addition of a constant; in this case 63
seconds, which is the mean ambulance turn-out time. This time might be different in

other jurisdictions or abroad.
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Chapter 2: Literature Review
In Chapter 2, we examine literature foundational to the science of location
allocation, continuous space problems and solutions. We review academic research that
has applied GIS analysis to solve geospatial problems in our discipline and others. We
also review EMS studies about ambulance response time and medical priority response
level assignments that we use to inform our statistical findings and translate gains in

response time into conclusions about patient outcomes.

2.1 The Science of Location Allocation

Many in the fields of operations research, systems analysis, and other professions
have studied the problem of optimizing the location of various resources to fill customer
needs. Location is often the most important factor contributing to the success of a public
organization as well as a private business endeavor. The problem of where to locate
warehouses, retail stores, ambulances, or medical clinics are good examples. Optimized
locations decrease operating costs by improving accessibility. Typically, customers travel
towards facilities like cafes and clinics, while ambulances and distribution trucks travel
away from facilities like fire stations and warehouses. The objective in optimizing the
location of private facilities like warehouses or retail stores, is solely monetary, while the
objective in optimizing the location of public facilities include cost control, equity among
constituents, and efficiency of the system (Marianov and Serra, 2002). These kinds of
problems are continuous space location problems that are often classified into three broad
types, although there are other ways to categorize them and there are subtypes. The three
broad categories of continuous space location problems we examine are “p-median, p-

center, and covering models.” (Wei, 2008)
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2.1.1 P-median Models

First, we examine the p-median models. The p-median solution aims to “locate p-
facilities in such a way as to minimize the demand-weighted average distance between
demand nodes and the nearest chosen facilities.” (Daskin, 2013) Location modeling and
theory began with the work of Hakimi (1964) to solve the p-median problem to determine
optimum locations of telecommunications switches. P-median problems are also known
as Minimize Impedance problems. This problem type is commonly used to select
warehouse sites because it reduces the logistical costs of delivering products to retail
outlets. It is generally considered more equitable than other problem types in choosing
locations for libraries, airports, museums, motor vehicle administrations, and clinics
because the cumulative distance residents must travel to reach the chosen facility is
minimized. In the context of an ambulance SSM system, the p-median solution would
minimize system-wide average response times to incidents by dispersing the facilities
across the service area. This solution comes with the undesirable consequence of diluting
response times by covering portions of the service area where there are few, if any,
demands. The p-median model can be enhanced by incorporating an impedance cut-off,
such as a time or distance limit. When this technique is employed, only demands within
the cut-off are allocated, a demand within the cut-off of a single candidate facility is
allocated entirely to that facility, and a demand within the cut-off of two or more

candidate facilities has all its demand weight allocated to the closest facility.

Three properties of the p-median problem are noteworthy. First, “Kariv and
Hakimi (1979) showed on a general graph the p-median problem is an NP-hard

(nondeterministic-polynomial-hard) problem type, one that cannot be solved in
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polynomial time” (Daskin, 2013). Second, by locating only on the nodes, a solution to the
p-median problem can be calculated. Third, the addition or every facility reduces the

demand-weighted cost (time/distance).

While the p-median problem is NP-hard, “it can be solved in polynomial time on
a tree,” (Daskin, 2013) as demonstrated by Goldman (1971) in solving 1-median, which
is the simplest case. Karvi and Hakimi (1979) developed an algorithm to solve more
difficult p-median problems on a tree, and Tamir (1996) refined the algorithm to improve
the computational time. However, a more efficient mechanism to solve the p-median
problem is with one of many heuristic algorithms that has been developed. “The simplest
heuristic is the myopic or greedy algorithm.” (Daskin, 2013) In this algorithm all
candidate facilities are considered, and one facility is selected, based on the candidate
whose addition to an interim solution reduces the demand-weighted total cost
(time/distance). The process continues to perform multiple iterations until the model has
identified p-many facilities. The greedy algorithm is suboptimal because it can easily

paint itself into a corner. It is optimal only if we seek to locate one facility.

Capitalizing on the “optimality of the greedy algorithm in the 1-median case,
Maranzana (1964) developed a neighborhood improvement algorithm.” (Daskin, 2013)
Beginning with any proposed solution, the algorithm assigns each demand to its nearest
facility. The group of demands assigned to a facility subsequently constitutes the
neighborhood of that facility. The algorithm examines all the demands within each
neighborhood and selects the one with the lowest demand-weighted cost (time/distance),

essentially solving the 1-median problem for each neighborhood. While this result locates
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the optimal facility within each neighborhood, it may not find the optimum solution for

the global p-median problem.

Teitz and Bart (1968) developed a better heuristic than the neighborhood search
algorithm known as the Vertex Substitution Method, one that is used today by ESRI to
solve p-median problems, and one that we used in our research. The algorithm improves
a solution by removing a location from a proposed solution and replacing it with a
location that is not part of the solution. If this exchange of locations reduces the demand-
weighted cost (time/distance), the new location is incorporated in lieu of the old location
to create a new proposed solution. The algorithm continues to run in this manner until an

exchange of locations fails to improve the proposed solution.

Densham and Rushton (1991) considered strategies to solve large location
allocation problems using heuristic methods. In their report prepared for the National
Center for Geographic Information and Analysis, they recommended ESRI incorporate
Teitz and Bart’s “Vertex Substitution” heuristic in their location allocation software to
achieve better efficiency running it on microcomputer-based geo-processing systems.
They noted the Vertex Substitution heuristic performs very well when compared with
other heuristics and notwithstanding problem size, usually gets very close to an exact
solution. In addition to identifying the locations of required facilities, candidate facilities,
and demand nodes, the Vertex Substitution heuristic requires the input of a proposed
preliminary solution and identification of the distances between all demand nodes and all
facilities. Additionally, Densham and Rushton noted the Hillsman weighted distance
matrix, although originally designed to solve the p-median problem, provides a very

efficient way of meeting the Vertex Substitution data input requirements. The caveat to
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heuristic methods is that they are not exact, however, for most research the method is

more than sufficient.

2.1.2 P-center models

Second, we consider the p-center models. “The p-center problem was originally
defined in Hakimi (1964, 1965).” (Wei, 2008) This model aims to minimize the
maximum distance between demands and facilities. “The p-center problem is also known
as the Minimax Location Allocation Model.” (Wei, 2008) It is generally presumed all the
facilities provide the same service, and the number of demands that could be served by
any facility is infinite. The problem can be formulated several in several ways according
to the parameters defined for facility locations and demands. “In terms of spatial
representation, the vertex p-center problem variant restricts candidate facility sites to a set
of predefined discrete points, while the continuous space p-center problem variant allows
facilities to be located anywhere in the region (Daskin, 1995).” (Wei, 2008) Other

variations of the p-center problem involve weighting demands by location.

In continuous space, “the p-center problem is known to be an NP-hard
[nondeterministic polynomial hard] problem type,” (Daskin, 2013) consequently it cannot
be solved in polynomial time. It is not possible to identify all the demand nodes and
potential facilities in the continuous case, making it too onerous to solve using discrete
methods. However, in discrete space the p-center problem can be solved using
constrained Veronoi diagram heuristics (Wei, 2008), or by using a demand node tree
(Daskin, 2013). In the context of an ambulance SSM system, the p-center solution would
provide the minimum number of facilities that could serve all emergencies in the service

area within a maximum response time threshold. In the simplest case, when p = 1, the
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solution would be at the middle of a circle with the minimum response time radius
sufficient to cover the service area. This special case of the p-center model, where p = 1,
is also known as the 1-center model. (Wei, 2008) The p-center model would be an
effective tool in a trade-off analysis that compares response time with number of
ambulance facilities, like a cost-benefit analysis. For instance, in a sample service area,
the results might show 20 ambulance facilities would produce a mean response time of 10
minutes, 25 ambulance facilities might produce a mean response time of 8 minutes, 30

ambulance facilities might produce a mean response time of 5 minutes, and so on.

2.1.3 Covering Models

Third, there are the covering models used to serve demands within a given cost
(time/distance) standard (Daskin, 1995). The aim of covering models is to provide service
coverage of demands wherein “customers are assumed to use the nearest available
facility.” (Wei, 2008) However, a demand is considered met only if the distance between
the demand and the facility meeting the demand is within a prescribed distance threshold.

There are several ways that covering problems can be solved.

Early research on optimally locating ambulances proposed using the “Set
Covering Location Problem” (SCLP) model developed by Toregas et al., (1971). This
model is nothing more than a binary program that identifies the minimum number of
facilities required to satisfy all demands in the service area within an established
maximum cost (time or distance). Without a reasonable maximum cost, the optimum

solution using this approach would require an extremely large number of facilities.

Church and ReVelle refined the SCLP model to address situations where facility
resources are limited. This model is known as the “Maximal Covering Location Problem”
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(MCLP) solution and its objective is to maximize coverage given a service area with a
fixed number of possible facilities (Church and ReVelle, 1974). “This is a binary integer
program that can be solved relatively easily using commercial software and it usually
produces only integer solutions. It has been widely used for locating ambulance stations
(Eaton et al. 1985) and may be the most influential of all ambulance station location

models.” (Erkut, et al., 2018)

The SCLP and MCLP models can be run as capacitated or un-capacitated cases.
In the un-capacitated case, facilities are chosen so that as many demand nodes as possible
are allocated to the facilities within an established cutoff. The capacitated case adds an
additional condition that the weighted demand allocated to a facility cannot exceed that
facility's capacity. In the context of an ambulance SSM system, covering model solutions
would aim to achieve established response time thresholds of either time or facilities. The
MCLP has proved to be a very useful continuous space location problem from both

practical and theoretical perspectives (Araz, et al., 2007).

Notwithstanding the model’s popularity because it’s simple and easy to solve, the
MCLP is not perfect. First, the model presumes response times are predictable and
consistent. But, response times are very unpredictable due to traffic, weather, and road
closures. Second, the model assumes an ambulance is always available at the nearest
facility to a demand’s location. However, many facilities are vacant because ambulance
resources are responding to other demands for service. A given demand involves travel
time to the demand site, time at the demand site to provide emergency services, travel
time to transport the patient to the hospital, time to complete patient administrative

paperwork, travel time to return to the ambulance facility from the hospital, and time to
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clean the unit and restock it with medical supplies. Consequently, it is not realistic to

assume a demand can always be satisfied by an ambulance from any facility.

The shortcomings of the MCLP are widely known. Daskin (1983) proposed a
variant dubbed the “Maximal Expected Covering Location Problem (MEXCLP)” to
account for the likelihood that an ambulance is in a non-available status. In this model,
Daskin assumed the likelihood that an ambulance is in a non-available status is consistent
across the fleet, which is an improvement over the MCLP, yet lacking because
ambulance utilization is not uniform or deterministic as the model assumes. MCLP and
MEXCLP presume a binary environment where all demand points within an established
cost (time/distance) range from a given facility are covered and all other demands are not
covered. Daskin (1987) also addressed this shortcoming by incorporating response time
uncertainty. More specifically, he integrated the likelihood of responding from a facility

to a call for service within a given time threshold.

Goldberg and Paz (1991) formulated a model that addressed both the server
(ambulance) availability problem and the uncertain response time problem of the MCLP.
They allowed the likelihood of ambulance availability to vary between facilities and
optimized coverage using pair-wise exchange heuristics of the “Approximate Hypercube
Model.” Ingolfsson, et al., (2008) accomplished the same by using an exchange heuristic
that alternates between solving a nonlinear integer program and the “Approximate

Hypercube Model.”

Other variants of set covering models include “discrete demand versus continuous
demand, discrete facility location versus continuous facility location, median versus

center, location and routing problems, single objective versus multiple objectives, and
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stochastic problems versus deterministic problems (Drezner, 1995).” (Wei, 2008) These

myriad permutations of models are beyond the scope of our literature review.

Fitzsimmons (1973) developed a “simulation-based methodology” for the
evaluation of the ambulance service policies in Vancouver, Canada. The point of the
Fitzsimmons work was to examine different facility locations for ambulances, to reduce
response time to incidents without increasing resources. The methodology Fitzsimmons
devised combines heuristics with simulation investigation. He found complete
enumeration was not economically feasible because his eight-ambulance problem, even
with just two weeks of data, would require about 19 hours of IBM mainframe (System

360 model 67) computer processing time to solve.

Schilling, et al., (1979) developed several location models, improving upon prior
models, to conduct coverage studies of the Baltimore City Fire Protection System. They
dubbed their models the “Tandem Equipment Allocation Model” (TEAM), the “Multi-
Objective Tandem Equipment Allocation Model” (MOTEAM), and the “Facility
Location Equipment Emplacement Technique” (FLEET). These models were more
representative of facility location decisions relevant to public safety applications because
they included the siting of specialized firefighting equipment or ambulances that were not
available in sufficient quantity to locate at every station. These models all aimed to
maximize coverage. Noteworthy in Schilling’s work, in the work of Church and Revelle,
as well as the work of White and Case, they all “relaxed the assumption of dependence of
server availability.” Explicitly, they acknowledged the number or location of candidate
facilities was insufficient to cover all demands within established cost (time or distance)

parameters. Due to the relaxed assumption of dependence, FLEET failed to cover either
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3%, 5% or 14% of the service area’s population, depending upon facility constraints
established in advance. Using Shilling’s work, the City of Baltimore sited and

constructed six new stations over five-years beginning in 1976.

2.2 Location Allocation Literature

Many variations of the three broad types of location allocation models, in both
continuous and discrete space, have been applied to optimize the location of virtually
every service delivery system and are the subject of much scholarly literature. In this
section, we examine both EMS and non-EMS applications of location allocation research,

beginning with literature from other disciplines.

2.2.1 Non-EMS-Related Relevant Literature

The editorial staff of GIS Geography (2018) recently published a listing of “1000
GIS Applications & Uses — How GIS is Changing the World.” Aside from EMS, many
disciplines leverage the science of GIS to perform similar ArcGIS and ArcGIS Pro
cluster analyses and location allocation analyses, like we incorporate in our methodology.
We briefly examine relevant examples from the fields of epidemiology, hospitality,
biology and transit. Additionally, we consider a model from the health sciences field
related to queuing, based on priority, that while not directly relevant to our current
research, presents an interesting consideration for application to future research and in

models that might be developed to refine our results.

2.2.1.1 Maximal Covering Model with Priority Queuing

Although we found no EMS research that combines location optimization and
data stratification that favors critical pre-hospital medical emergencies over other all pre-
hospital medical emergencies, without constraint, we found a relevant approach
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describing priority queuing based on medical criticality in a clinical setting. In an article
titled, “Locating Emergency Services with Different Priorities: the priority queuing
covering location problem,” F. Silva and D. Serra (2007) devised a maximal covering
model which considers different medical priority levels. By considering different time
standards for different priorities of healthcare services, Silva and Serra build upon
previous work by Marianov and Serra (1998) who developed the queuing maximal
covering location allocation model. Silva and Serra’s work differs from ours in that they
develop a model that incorporates priority queuing and locates fixed facilities assuming
customers will travel. Their work is similar to ours as they prioritize demands for service
based on criticality. Additionally, we show how critical demands can satisfied more
expeditiously by locating mobile facilities based on critical demand history without any
expectation of queuing. None the less, some aspects of their work might be applied to
further research towards modeling a solution that incorporates our results in an
ambulance SSM system that queued lower priority calls for service. Consider Silva’s
model with k-many medical priority level incidents occurring according to a Poisson
process at a rate A9, Then, the wait time of k, k-1, k-2, ...k-(k-1) priority level patients
could be calculated, and the practicality of a model that queued lower priority calls for
service assessed. The average wait time for priority level k ambulance services would be

given by:

W = Wo
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where S is the service time selected independently from the distribution

Bk(S)
and u® is the service rate for priority level i incidents.

As we do in our research, Silva and Serra “relax the assumption of dependence of
server availability,” in their model that queues by priority to solve the covering location

problem (Silva and Serra, 2007).

2.2.1.2 Hotel Location Optimization

Yang Yang, et al., presented a new approach to evaluate proposed locations for
their potential as hotel sites. They used machine-learning tools including linear
regression, artificial neural networks, and projection pursuit regression. Dynamic and
static geo-databases leverage MapServer, an open source web-GIS, which provides their
user interface named HolSAT. They modestly tout their model as highly practical and
uncomplicated by sophisticated mathematical or statistical knowledge (Yang et al.,

2015). Although beyond the scope of our methodology, we found this study of interest
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because the linear regression aspect of their research might be useful in future research

for application in predicting critical medical incidents in time and space.

2.2.1.3 Hot Spot Analysis of Hemorrhagic Fever with Renal Syndrome

GIS cluster analyses are widely used by researchers aiming to perform spatial and
temporal analysis. In the science of epidemiology, cluster analysis is vital to detect
aggregation of diseases, test the occurrence of statistically significant clusters, and to
identify risk factors. Cluster analysis is used to identify whether spatially or temporally
grouped incidents of disease can be explained by chance or are statistically significant.
Wu, et al. (2009), used G1S-based spatial, temporal, and space-time cluster analysis of
“Hemorrhagic Fever with Renal Syndrome” (HFRS) to detect aggregation of disease
instances and to test for statistically significant clusters. Wu identified geographic areas
and time periods with high endemic HFRS and clustering patterns. His study showed that
“the geographic, temporal and space-time distribution patterns of HFRS cases in
Shenyang was not random.” (We, et al., 2009) Wu used the Moran’s I spatial
autocorrelation statistic to identify statistically significant hot spots. “The Moran's |
spatial autocorrelation statistic and its visualization in the form of scatter plot are widely
used in global spatial autocorrelation analysis.” (Wu, et al., 2009) The Moran’s I statistic
is suitable for use when data is assigned a weight. Wu concluded that, with further
research, geospatial autocorrelation may help predict outbreaks and prevent epidemics of

HFRS. (Wu, et al., 2009)

2.2.1.4 Location Optimization of Bike-Sharing Stations in Madrid
J.C. Garcia-Palomares et al. (2010), used the ESRI ArcGIS, network analyst

extension, location allocation solver to optimize the placement of bike-sharing centers in
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bike-sharing programs. They predicted potential demands and demand locations based
on population and employment density while accounting for differences in commercial,
educational, or industrial activities. They used public transportation nodes as candidate
facilities for bike sharing stations. Their methodology to optimize bike-sharing stations
involved using both p-median and maximal coverage approaches. They found that using
the minimize impedance heuristic, also known as the p-median solution, results in bike
stations that are widely dispersed. This solution minimizes the distance between facilities
and demands, covering the whole area rather uniformly. However, using the maximize
coverage heuristic results in bike stations concentrated in areas with greater demand.
Madrid city maps geographically illustrating the results of location allocation using both
minimize impedance and maximize coverage heuristics for choosing 100-, 300-, and 500-
station bike-sharing facilities can be found at Appendix C. It is insightful to visually
compare the differing results, particularly noticeable in the 100-station maps. The
maximize coverage solution was found to be clearly more efficient in meeting demands
for bikes. The uniformity of coverage produced by the minimize impedance solution
proved wider coverage at the expense of efficiency. Their evaluation of different
scenarios confirmed that incremental growth in the number of bike-sharing centers
caused incremental growth in the number of demands served, but with diminishing
returns. Too many bike-sharing centers may create an unwarranted increase in the cost of

the system without proportional improvement. (Garcia-Palomares, et al., 2012).

2.2.1.5 Hot Spot Analysis of Wolf-Ungulate Ecosystems
Hakan Sand, et al. (2005), used “GPS technology and GIS cluster analyses to

estimate Kill rates in two wolf-ungulate ecosystems in Scandinavia.” They used logistic
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regression (Hosmer and Lemenshow, 1989) to estimate the proportion of detected
carcasses based on the number of GPS positions per 24-hour period and the radius used
to define clusters. They used the Wilcoxon signed-rank one-tailed test to establish
statistical significant differences in GIS clusters during the day versus during the night,
with a 95% confidence level. This research has similarities with a dynamic ambulance
system status management because the wolves were trapped, collared with a GPS emitter,
and then released. They used hourly data from GPS-collared adult wolves in combination
with a GIS for detailed analyses of movement patterns. Like GPS-equipped ALS
ambulances, once collared the wolves became trackable, they became mobile facilities
serving to kill moose. Like in the Garcia-Palomares study to optimize the location of bike
stations, Hakan used ESRI software to plot results, but not so for their analysis, because
his study pre-dated ESRI’s release of the network analysis extension, location allocation

solver. (Sand, et al., 2005)

2.2.2 EMS-Related Location Allocation Literature

In an extensive review of scholarly literature titled “A taxonomy for emergency
service station location problem,” Ayfer Basar, et al., (2011) analyzed 210 noteworthy
articles published since 1959 from the fields of operations research, management science,
industrial engineering, economics, health sciences, computer science, and engineering.
Basar created a taxonomy of the most noteworthy 84 articles, which we reviewed. We
found none of the models described in these articles considered geospatial location
optimization based solely on EMD or MPDS medical priority, making our research

somewhat unique.
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2.2.2.1 Optimization of Ambulance Locations in Singapore

Marcus Ong, et al., (2010) studied paramedic ambulance response times in
Singapore using geospatial-time analysis. Singapore’s EMS system is operated under the
auspicious of the Singapore Civil Defense Force (SCDF). “The SCDF operates the
national 9-9-5 emergency telephone service,” (Marcus Ong, et al., 2010) which is
connected to a centralized, computer-aided dispatch system. An automated MPDS is used
to establish patient criticality. GPS-centric AVL systems and road traffic monitoring

systems inform the dispatch system.

The study’s object was to determine whether an ambulance staging approach
based on geospatial-time analysis reduced ambulance response times to cardiac arrests in
an urban setting. This was an observational, prospective study examining the spatial
distribution of OHCA in Singapore and the effect of increasing the quantity of ambulance
facilities on ambulance response times. OHCA were mapped using a GIS to determine
hot-spots through visual inspection. Based on the locations of hot-spots, ambulance
facilities were expanded from 17 locations in year 2001 to 32 locations in year 2004, all
the while keeping the number or ambulances constant. During the study ambulance
deployment was also adjusted according to the time of day. Initially, an equal number of
ambulances were on-duty during the day and night shifts. The deployment strategy was
gradually adjusted to require more ambulances on-duty during the day than on-duty
during the night. Notwithstanding these adjustments, the ambulance and crew totals
remained constant over the study period, and the same number of shifts were staffed

during each phase of the study.
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The main outcome measured was ambulance response time. SCDF defines
response time as the interval from the time of call pick-up at the 9-9-5 dispatch center to
the time the ambulance arrives on-scene. In addition to examining response time to
OHCA cases, they also examined the proportion of calls with response times meeting an

11 minute goal, and the proportion of calls with response times meeting an 8 minute goal.

The study considered 2,428 cardiac arrest incidents over a three-year period, from
October 1, 2001, to October 14, 2004. The deployment strategy was found to improve
response time from 10.1 to 7.1 minutes (median). The percentage of incidents with
response times less than 8 minutes increase from 22.3% to 47.3% and the percentage of
incidents with response times less than 11 minutes increased from 57.6% to 77.5%. Ong
concluded this relatively simple redeployment strategy resulted in significantly reduced
ambulance response times and heralded the usefulness of geospatial-time analysis tools

for EMS providers.

2.2.2.2 Location Allocation of Ambulance Stations in Turkey

Swalehe and Aktas (2016) considered “Dynamic Ambulance Deployment to
Reduce Ambulance Response Times using Geographic Information Systems,” in the
Odunpazari District of Eskisehir Province, Turkey. The term “Dynamic” is understood to
refer to re-stationing ambulances throughout the day, as their system already employs
closest available resource dispatching. The purpose of their study was to determine
optimal locations to station ambulances with the aim of reducing ambulance response
times and decreasing patient mortality. The study utilized SSM techniques and the MCLP

optimization model to better station ambulances according to demands for service and
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ensure maximum ambulance coverage is achieved with their 17-ambulance fleet. The

study included 20,260 ambulance demands, inclusive of 2014.

The EMS system of Odunpazari district operates under the authority of the
Turkish Ministry of Health in Eskisehir province, which operates a national “1-1-2”
emergency telephone service. A centralized ambulance dispatch center utilizes a
computer-aided dispatch system informed of ambulance locations by a GPS satellite-
based Automated Vehicle Locator (AVL) system and informed of real-time traffic
conditions by a road-traffic monitoring system. Dispatchers employ computerized
Emergency Medical Dispatch (EMD) protocols to assign incident priorities according to
criticality. Operational protocol dictates the closest available unit is dispatched to
emergency calls received by the national 1-1-2 dispatch center. How road closures and

traffic conditions are integrated into the dispatch recommendation was not addressed.

They used the ESRI ArcGIS network analyst extension, location allocation solver
tool to optimize ambulance station locations. Input to this software included candidate
ambulance facilities and medical incident demand points. The objective was to find the
most efficient facilities to supply the demand nodes. The tool solves this problem by
allocating the most ambulance demand to ambulance stations that serve to minimize
cumulative travel costs (time/distance). The output of the tool included a table of the
chosen ambulance facilities along with their associated medical incident demand points,
and an illustrative map connecting medical incident demand points with their optimized

ambulance facilities.

They limited demands to those which could be reached within a five-minute drive
of candidate locations. They stratified their data into four (4) time-periods of 6 hours
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duration, commencing at 0600, 1200, 1800 and 2400 hours. Their solution requires
reallocation of ambulances every six (6) hours, according to four (4) ambulance
deployment plans. These distinctions were proposed to better serve high-demand areas by
time of day, the result being more ambulances stationed near residential areas at night
than commercial areas, and more ambulances stationed near commercial areas during the

day, than at night.

Swalehe achieved an optimal solution using the maximize coverage heuristic in
ESRTI’s location allocation toolbox. Using Microsoft Excel, they analyzed their findings
and showed a decrease in average response time from 10 to 5 minutes is possible to
achieve across 77.6% of the Odunpazari district. (Swalehe and Aktas, 2016) The effect of

this optimization on the remaining 22.4% of the district was not addressed.

2.2.2.3 Predicting the Response Time of an Urban Ambulance System

David Scott, et al., (1978) studied ambulance response times before the
proliferation of microcomputers and geospatial analyses software and developed a model
to predict the distribution of ambulance response times, explicitly considering the spatial
distribution of incidents. Scott used the Euclidian mean centers of geospatial clusters as
optimized facility locations considering distance as the cost, as opposed to using modern
location allocation software not yet invented that leverage a road network data set and use
either drive time or driving distance as the cost. The model relied heavily upon the work
of ReVelle, et al., (1974) to create a network of 23 ambulance facilities in Houston and
predict ambulance response times approximately following a spatial Poisson process first
proposed for this application by Grant (1963). Using Poisson probability distributions

functions Scott was accurately able to model 3,936 calls for service and showed that
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greater concentration of ambulances in areas of highest demand reduced the probability
of response times in areas of highest demand but increased the probability of response
times across the study area. Scott’s work is similar to ours except that his model favors
areas of high demand at the expense of low demand areas, while we favor areas high

critical medical incident demand at the expense of all other medical incidents.

2.2.2.4 Review of Ambulance Covering Models and Optimization Techniques

After an extensive review of “covering models and optimization techniques for
emergency response facility location and planning,” Li, et al., (2011) deemed four (4)
matters to be worthy of further research, all of which we incorporate in our research.
First, Li proposed the incorporation of incident priorities in future models. MPDS
response level priority informs the foundation of our problem statement. Second, Li
suggested survival rate may be the best metric for the effectiveness of emergency
responses. While our research is not medical, we provide a framework for viewing results
from a medical perspective and making inferences about patient outcomes. Third, Li
proposed more equity in facility distribution should be built into future models. We
consider some 45,000 intersections in Ventura County as prospective facilities and
weight them equally. While this approach may not have practical application, it made for
equity in the heuristic. Fourth, Li asserted that recent advances in GIS techniques should
be incorporated into future models. Our analysis is GIS centric and uses the latest,
Environmental Systems Research Institute (ESRI) GIS software available. (Li, et al.,

2011)
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2.3 EMS Response Time and Mortality

“The survival of patients with critical medical conditions including stroke,
myocardial infarction, pulmonary embolism, and cardiac arrest is largely dependent on
ambulance response time.” (Peters and Hall, 1999). The faster the ambulance response
time, the greater the likelihood of survival. If treated immediately, a patient in cardiac
arrest has 67% likelihood of survival but left untreated for 12 minutes the patient has a
0% likelihood of survival (Peters and Hall, 1999). According to the American Heart
Association’s chain-of-survival concept, in case of a cardiac-related medical condition, a
patient’s survival can be improved with “early access to the emergency response system,
early CPR to support circulation to the heart and brain until normal heart activity is
restored, early defibrillation to treat cardiac arrest caused by ventricular fibrillation, and
early advanced care by EMS and hospital personnel” (Cummins, et al., 1991). In this
section, we examine literature to establish the parameters we use to translate faster

response times to patient outcomes in a quantifiable manner.

2.3.1 An Empirical Study of Patient Survival After Out-of-Hospital Cardiac Arrest
Colin O’Keeffe, et al. (2011), evaluated the role of ambulance response times
improving patient survival after Out-of-Hospital Cardiac Arrest (OHCA). The purpose of
their report was to improve understanding of the relationship between ambulance
response times and survival to hospital discharge in OHCA, as well as to inform EMS
policy in the United Kingdom. The researchers sampled ambulance calls for high-
priority, life-threatening calls for service from four (4) ambulance services in England
over a five-year period commencing in 1996. The ambulance services included in the

study had MPDS in place to accurately categorize calls and they routinely captured data
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to document the response times of calls. In this study, response time was defined as the
interval from time of the call to the time the first ambulance arrived on scene, and an
incident was deemed an OHCA if the ambulance patient record indicated the patient had
both no vital signs, and CPR was attempted by EMS personnel. Patient deaths prior to
arrival at hospital, in the emergency department, and in the hospital were combined to

compare mortality versus survival to discharge. (O’Keffee, et al., 2011)

Overall, “thirty (30) (2.6%) of the 1161 patients with OHCA survived to hospital
discharge.” (O’Keffee, et al., 2011) Some of the 1161 patient’s medical incident
description (chief complaint) were reported as non-cardiac related. In 58 cases the arrest
occurred while the paramedics were on scene at patient side. “Eight (8) of these 58
patients (13.8%) survived to hospital discharge, compared with just 19 of the 1054
patients (1.8%) whose arrest occurred prior to the arrival of paramedics.” (O’Keffee, et
al., 2011) O’keffee concluded the arrival of paramedics prior to OHCA increased the
patient’s chance of surviving by sevenfold; indicating a rapid response to patients in
immediate risk of OHCA may be as beneficial as rapid response to those who have
already arrested. O’Keefe found that a “one-minute reduction in response time improved
the odds of survival by 24%,” effectively increasing survival from 2.6% to 3.2%.
(O’Keeffe, et al., 2011) O’keeffee’s findings are considered an aberration in the EMS
community, which considers an 8% increase in the likelihood of survival for every one-
minute reduction in response time. (Chase, 2017) (Sheperd, 2017), (Sayre, 2017),
(Salvucci, 2017). Consequently, we did not use O’Keefe’s findings to make inferences

about patient outcomes.
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2.3.2 An Instrumental Study of Response Times to Patient Survival After Out-of-
Hospital Cardiac Arrest

Elizabeth Wilde (2013) examined the impact of ambulance response time on
mortality, questioning whether EMS response times actually matter. Wilde’s was the first
study of this type to examine the impact of changes in response time on mortality using
instrumental variables. Several other studies have found no significant relationship
between response times and survival to hospital discharge using empirical methods.
However, using instrumental variables Wilde was able to show a strong relationship

between response time and mortality.

The interest in reducing ambulance response time is predicated on a widely-held
belief that faster responses will improve health outcomes. Wilde identified several
potential mechanisms by which ambulance response times could affect patient outcomes.
The most notable mechanism was that delays in response time reduce a patient’s
underlying health. The damage to a patient’s underlying health takes time to affect
mortality but the impact of a one-minute change in response time on mortality is
consistent over the intervals which response time is measured. Faster paramedic
ambulance arrivals stop deterioration of the patient’s health and limit the extent of
additional damage. The earlier paramedics can arrive at the patient’s side, the less

damage is done to the patient, and the smaller the chance of mortality.

Wilde cited other literature that supports this mechanism, by which faster
response times decrease mortality. Cummins, et al., (1991) compared survivorship
between EMS systems staffed with EMT’s versus EMS systems staffed with paramedics

and found the administration of intravenous medication and intubation of the patient by
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paramedics improved survival. One can extrapolate this evidence to suggest it also
supports the supposition that the timing of treatment matters as patients served by EMTs
would have access to these same treatments upon reaching the hospital Emergency
Department (ED). Additionally, Callans (2004) conducted randomized, controlled trials
that supported existing evidence on the importance of early defibrillation to achieve
improved survival of Out-of-Hospital Cardiac Arrest patients. This finding was
corroborated by “researchers who placed defibrillators throughout a community and
found that reducing the time to defibrillation significantly increased patient survival”

(Callans, 2004; Hallstrom et al., 2004).

Wilde acknowledges the evidence supporting the importance of faster response
times is mainly drawn from studies of patients suffering cardiac arrest, which has a high
rate of mortality. Sanchez-Mangas et al., (2010), Esposito, et al., (1995), Gonzalez, et al.,
(2009), Newgard et al., (2010), as well as Pons and Markovchick (2002) examined
relationships between response times and outcomes for people suffering from medial
conditions other than cardiac arrest. These studies found no association between response
times and survival. A few more “studies examined outcomes after motor vehicle
accidents with mixed results,” Markovchick, (2002) and “analyzed outcomes for trauma
patients and found no difference in survival based on response times.” (Newgard et al.,
2010) Pons et al., (2005) examined the relationship between mortality and response time
for trauma patients and found no benefit from a paramedic response time less than eight
(8) minutes but showed a strong association with survival of critical patients when

paramedic response times were less than four (4) minutes.
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For the cardiac patients, Wilde showed a strong relationship between response
time and survival, concluding that every minute of response time causes an 8% change in
survival within one day, and a 17% change in survival 90 days after the incident. The
research that Wilde found on the survival of critical trauma patients injured by traffic
collisions, gunshots, industrial accidents, and the like, could not establish association
between ambulance response times and mortality (Wilde, 2013). Indeed, there is scant
research that examines the relationship between response times and outcomes for patients
suffering from critical medical conditions other than OHCA, such as trauma patients. We
use Wilde’s findings, corroborated by four (4) medical directors, to make inferences

about patient outcomes relative to differences in response times.

2.3.3 Medical Priority Dispatch Response Level Accuracy

Stephen Ball, et al. (2018), examined the association between ambulance dispatch
priority and patient condition with the study’s objective to compare the chief complaint
reported by the calling party, which drives the Medical Priority Dispatch System (MPDS)
priority response level with the true condition of the patient. The correct assignment of
priority is important to the evaluation of response times because ambulances respond
according to the priority level assigned by their dispatch authority, notwithstanding the
actual condition of the patient. Ball studied 211,473 emergency medical incidents in
Perth, Western Australia, that occurred from January 2014 through June 2015. Dispatch
priority was categorized as either high priority (priority 1), or not high priority (priority 2
or 3). Patient condition was categorized as time-critical for patients transported as priority
1 to hospital or for patients that died. Otherwise, patient condition was categorized as not

being time-critical. The Pearson’s chi-squared statistical test was used to compare
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incident description (chief complaint) by false omission rate (percentage of priority 2 or
priority 3 responses that should have been priority 1 responses) and by positive predictive

value (percentage of priority 1 responses that were valid priority 1 incidents).

Ball, et al., found that 93% of the high priority (priority one) patients were
correctly triaged by the MPDS, and that truly time-critical patients comprised 5.8%
(6,520 of 111,485 incidents) of priority one assignments compared with 0.5% (467 of
99,998 incidents) of lower priority (Priority 2 or 3) response level assignments. These
findings are relevant to our research because Ventura County uses the MPDS to assign
the dispatch priority level of all medical incidents. Furthermore, we use the MPDS

assignment in our research to distinguish critical medical calls for service from all others.

2.4 Summary

In Chapter 2 we reviewed literature pertinent to our research. Some of this
literature provided scientific background that informed our approach and methodology.
Some of it discussed geospatial studies analyzing both analogous and disparate
disciplines. We also reviewed medical response time literature that informs the inferences

we make from the results of our geospatial analysis and drive time modeling.
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Chapter 3: Methodology

Chapter 3 explains our approach to geospatial analyses of critical medical incident
location data in Ventura County, with the aim of optimizing paramedic ambulance
locations to reduce response times. We create an ESRI geodatabase and use ESRI
geospatial analytics software, an R script, the Google distance matrix service, and
Microsoft Excel. We perform a preliminary analysis with a subset of our data set to
validate our methodology and refine our approach. The preliminary analysis and the
results are excluded from our praxis in the interest of space. A flowchart of the

methodology we describe herein is provided at Appendix D.

3.1 Build Project Geodatabase

We create a new geodatabase for our project in ArcGIS Pro. We build a network
dataset in ArcMap from the Ventura County road network contained in the VCFD
Centerline. It is necessary to create the network dataset in ArcMap because the capability
to build it in ArcGIS Pro is not yet available in the current version (v2.1) of the software.
We export our network dataset from ArcMap through ArcCatalog to our ArcGIS Pro
project geodatabase. We import the data we extracted from the VCFD CAD database,

which is the data on all medical incidents in Ventura County from 2007 through 2017.

3.2 Statistically Significant Spatial Clustering of Data

First, we determine if there are statistically significant geospatial clusters of
critical medical emergencies in Ventura County. We will utilize two methods, the
“Average Nearest Neighbor” analysis and the “Optimized Hot Spot Analysis” (ESRI,
2018) to determine if spatial clustering of the data in our study area is statistically

significant.
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3.2.1 Average Nearest Neighbor Analysis

We use the ESRI ArcGIS Pro Average Nearest Neighbor (ANN) analysis
geoprocessing tool as our first test for statistically significant geospatial clustering. “The
ANN index is expressed as the ratio of the observed mean distance to the expected mean
distance.” (ESRI, 2018) The ANN methodology is particularly sensitive to the study area,
small changes in the study area parameter value can result in considerable changes in Z-
score and P-value results. Consequently, the Average Nearest Neighbor tool is most
effective for comparing different features in a fixed study area. Figure 3.1 illustrates how
identical demand locations can be either dispersed or clustered, depending on the study

area specified.

* X * X
*x X * X
x x
Dispersed
Clustered

Figure 3.1 Average Nearest Neighbor Analysis - Study Area Consequence

The ANN tool measures the distance between priority one medical emergencies
and their nearest neighbor and returns a ratio calculated as the mean distance between
emergencies divided by the expected mean distance based on a hypothetical random

distribution with the same number of features covering the same study area. (ESRI, 2018)
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The Average Nearest Neighbor ratio (ANNR) is defined as:
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Where,

di = the distance between emergency i and its nearest neighboring emergency,

n = the total number of emergencies,

A = the minimum area encapsulating all emergencies.

If the mean distance is less than the mean distance in a hypothetical random

distribution, then ANNRr < 1 and spatial clustering is deemed to be present. If the mean

distance is greater than a hypothetical random distribution, then ANNr > 1 and spatial

clustering is not deemed to be present.

Furthermore, the Z-score for the ANNR statistic is defined as:
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The confidence level of the ANN result is equal to 1 minus the P-value associated with
the Z-score multiplied by 100. (ESRI, 2018) We evaluate the results of our ANN

analysis to prove hypothesis H1.

3.2.2 Optimized Hot Spot Analysis

The ESRI “Optimized hot spot analysis tool is useful to identify statistically
significant spatial clusters of high and low values, which effectively reveals whether the
spatial clustering is more pronounced than in a random distribution.”(ESRI, 2018) We
use the Optimized Hot Spot Analysis tool to further confirm that we can reject our null
hypothesis (H1o) and gain more insight about the clusters. This tool aggregates and
interrogates spatial incident point data to determine the appropriate parameters and
correct for spatial dependence. The aggregation provides weighted features that inform
the assignment of appropriate scale to create fishnet or hexagon grids, also known as

polygons, for study. (ESRI, 2018)

The ESRI ArcGIS Pro Optimized Hot Spot Analysis geoprocessing tool computes
the Getis-Ord local statistic (Gi*) for feature data in the study area. This tool’s outputs
include Z-score, P-value, confidence level, and a map of statistically significant hot spots

and cold spots using the G;* statistic.

The Gi” statistic is a Z-score. The larger the Z-score the more intense the
clustering of high values (hot spots). The smaller the Z-score the more intense the
clustering of low values (cold spots). Every Z-score will have a corresponding P-value,
the confidence level of the result is equal to 1 minus the P-value associated with the Z-

score times 100.
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The Getis-Ord local statistic (Gi") is defined as:
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Where
X is the attribute for feature j,
Wi is the spatial weight between feature i and j,

n is equal to the total number of features,
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Table 3.1 Scores of Statistically Significant Clusters of Hot and Cold Spots

Z-Score P-Value Confidence Level Map Spot Color
<-2.58 <0.01 99%

>-2.58 and <=-1.96 <0.05 95%

>-1.96 and < -1.65 <0.10 90%

> 1.65and <= 1.96 <0.10 90%

> 1.96 and <= 2.58 <0.05 95%
> 2.58 <0.01 99%

The tool output provides Gi* Z-scores and P-values necessary to determine the

confidence levels of our results and accept or reject our null hypothesis. The null
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hypothesis for these analyses is that there is no geospatial clustering, also known as
complete spatial randomness (CSR). Z-scores, in this case the G;* statistics, are a
measure of the number of standard deviations from the center of a normal distribution
representing randomness. The P-values for each polygon are the probabilities the spatial
pattern is random. If the P-value is very small, we reject the null hypothesis because there
is a very small chance the spatial pattern is random. Large positive or negative Z-scores,
combined with very small P-values, indicate our results are in the tails of a normal
distribution. The confidence level for rejecting the null hypothesis is equal to 1 minus the
P-value multiplied by 100. Table 3.1 illustrates the Z-scores and P-values of hot spots and
cold spots, with the corresponding colors ESRI uses when mapping results. Z-scores
between plus or minus (+/-) 1.65 are not shown in Table 3.1 because they are within the
expected value for spatial randomness. If our Z-scores fall in this range, we cannot reject

our null hypothesis (H1o).

To compute the Z-scores and P-values the Optimized Hot Spot Analysis tool
compares the spatial distribution of incidents within each polygon with all its neighboring
polygons to determine if there is a pattern in the polygon statistically different than the
pattern of the study area. This method requires multiple iterations of testing that
exacerbates spatial dependencies, which could adversely influence the accuracy of the
results. Naturally occurring spatial dependency can artificially inflate statistical
significance because the Optimized Hot Spot Analysis tool evaluates each incident within
the context of its neighboring incidents. Because incidents likely share many of the same
neighboring incidents, the overlapping analysis exaggerates spatial dependency. The

sheer volume of incident data analyzed by the Optimized Hot Spot Analysis tool to solve
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a typical geospatial problem, requires multiple iterations of testing that can artificially
inflate the confidence level. For instance, with 500,000 incidents and a 99% confidence
level, there is but a 1% chance we could wrongly reject our null hypothesis, yet that 1%

represents 5,000 potential false positives.

Consequently, the Optimized Hot Spot Analysis tool uses a Boolean parameter
called the False Discovery Rate (FDR) correction method to mitigate these problems. The
FDR will potentially reduce the P-values of the polygons to be more conservative. “The
FDR correction method estimates the number of false positives for a given confidence
level and adjusts the critical P-value,” (ESRI, 2018) by removing the weakest from the
results. The results are delivered by the value assigned in the <Gi_Bin> field. Polygons
with a <Gi_Bin> value equal to plus or minus (+/-) three (3) are statistically significant at
the 99-percent confidence level, polygons with a <Gi_Bin> value equal to plus or minus
(+/-) two (2) reflect a 95-percent confidence level, and polygons with a <Gi_Bin> value
equal to plus or minus (+/-) one (1) reflect a 90-percent confidence level. When the
<Gi_Bin> value is equal to zero (0) the polygon exhibits CSR. When reviewing the table
of results, note that some polygons that are assigned a Z-score that is more than one
standard deviation from the mean, with corresponding P-values less than 0.1, would seem
to meet the criteria for hot or cold spots, but due to FDR correction they are assigned a

<Gi_Bin> score equal to zero (0). (ESRI, 2018)

We evaluate the results of our Optimized Hot Spot Analysis to further prove

hypothesis H1.
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3.3 Perform Location Allocation Analysis

GIS location allocation problems are combinatorial optimization problems of the
type N choose P; Cp(N). “Given N candidate facilities and M demand points, choose a
subset of the facilities, P, such that the sum of the distances from each M to the closest P
is minimized.” (ESRI, 2018) The number of possible solutions to any instance of the

problem is given by:

N!

M) =5 - P

So, the number of possible solutions is extremely large and unwieldly to analyze.
In the case of our problem, 45,000 choose 25 equals 1.37 x 10°! possible combinations to
consider for each of 20,723 occurrences. Clearly, an optimal solution to this problem
cannot be obtained by examining all the combinations on a microcomputer-based
geoprocessing system, so heuristics are used by ESRI’s software to solve location
allocation problems. “The location-allocation solver starts by generating an origin-
destination matrix of shortest-path costs between all the facilities and demand point
locations along the network. It then constructs an edited version of the cost matrix by a

process known as Hillsman Editing.” (ESRI, 2018)

The Hillsman Editing technique downsizes the formulation and subsequent
calculations of a P-median problem solution, or other continuous space problem types, by
limiting candidate facilities available to support demands to those candidate facilities
reasonably proximate to the demand. The rationale for this truncation being that demands
are unlikely to be served by facilities located a great distance away. However, Church

and Murray show that “this approach does not guarantee finding the optimal solution”
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(Church and Murray, 2009). “This editing process enables the same overall solver
heuristic to solve a variety of different problem types. The location-allocation solver then
generates a set of semi-randomized [sic] solutions and applies a Vertex Substitution
heuristic (Teitz and Bart) to refine these solutions creating a group of good solutions. A
metaheuristic then combines this group of good solutions to create better solutions. When
no additional improvement is possible, the metaheuristic returns the best solution found.
The combination of an edited matrix, semi-randomized [sic] initial solutions, a Vertex
Substitution heuristic, and a refining metaheuristic quickly yields near-optimal results”

(ESRI, 2018).
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Figure 3.2 Flowchart of Vertex Substitution Heuristic Logic
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The Vertex Substitution heuristic is a first-generation exchange heuristic
developed by Teitz and Bart to obtain an approximation of the p-median problem
solution. M. Dzator and J. Dzator (2013) provide an excellent summary of Vertex
Substitution in their evaluation of heuristics for the P-median problem with application to
ambulance location. Figure 3.2 is a flowchart of the Vertex Substitution Heuristic’s logic

that we created to better illustrate the explanation of Dzator and Dzator.

Teitz and Bart’s idea was based on the premise of exchanging facility locations
many times, calculating the objective results of every relocation, and repeating the
process until the best fit is achieved for the system of facilities and demands. “The
heuristic starts by choosing an initial set: P number of nodes as the solution. Then a node
which is not in the current solution is selected to substitute for each of the p-many nodes
in turn. The objective value is calculated and compared to the changes in the objective
function. The substitution leading to the biggest decrease in the objective function is
selected and is exchanged for a node in the current solution.” This process of exchange of
nodes results in a better *solution’ and this process continues until there the best
‘solution”’ is found; no further improvement in the objective value because of the most
recent substitution.” (Dzator and Dzator, 2013) We note the ‘solution’ provides a local as
opposed to a global optimum.

We utilize a hybrid approach to location allocation modeling to optimize
ambulance locations for critical medical incidents in Ventura County during the period
2007-2017. First, we use the ArcGIS Pro Minimize Impedance tool, which solves the P-
median problem, to reduce the number of candidate facilities from approximately 45,000

to 450. Second, we use the ArcGIS Pro Maximize Coverage tool, which solves the
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MCLP, to choose 25 facilities from the 450 candidate facilities. This approach was
necessary because the MCPL was too big a problem for ESRI software to solve when

choosing 25 facilities from approximately 45,000 candidates to satisfy 20,723 demands.

3.4 Compute Drive Times

We write an R-script that computes the driving time between any two points. The
R-script can be found at Figure 3.3. In our script we use the Comprehensive R Archive
Network (CRAN) scripting function package “gmapsdistance” to compute the driving
time. Note in the R-script that the value “NORRIS_ GOOGLE_API KEY” must be

replaced with an active API key, purchased from Google, for the script to run.

rm(list = 1s())

gc()

install.packages ("devtools"

library(devtools)

install local (c:Users/norrisj.VNC19131/Downloads/gmapsdistance-master.zip)
library (gmapsdistance)

dataFolder <- "c:/PraxisR/"

rawData <- read.csv(file = file.path(paste(dataFolder, "Input.csv",sep = "")), head = TRUE,
stringsAsFactors = FALSE)

set.api.key ("NORRIS_GOOGLE_API Key")

results <- apply(rawData,1l, function(x){

return ( gmapsdistance (origin = paste(x["INC LAT"][1],x["INC LONG"], sep = "+"),
destination = paste (x["AMB LAT"],x["AMB LONG"], sep = "+"),
mode = "driving")$Time

)
})
cleanData <- rawData
cleanData$Time <- DRAWresults
write.csv(cleanData, file.path(paste(dataFolder,"Results.csv",sep = "")), row.names = FALSE)

Figure 3.3 Project R-Script

The “gmapsdistance” function calls the cloud-based Google Distance Matrix
Service (GDMS) through an Application Program Interface (API). We register an API
key through the Google developer’s console, which is necessary to facilitate successfully
running a high volume of queries through the GDMS on a fee for service basis.

Information about this CRAN package can be found at Figure 3.4.
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Package: gmapsdistance

Type: Package

Title: Distance and Travel Time Between Two Points from Google Maps

Version: 3.1

Date: 2016-08-16

Author: Rodrigo Azuero Melo & David Zarruk

URL: https://github.com/rodazuero/gmapsdistance

Maintainer: Rodrigo Azuero Melo <rodazuero@gmail.com>

Description: Get distance and travel time between two polints from Google

Maps.
Four possible modes of transportation (bicycling, walking, driving and
public transportation).

License: GPL (>= 2)

Imports: RCurl, XML, methods, stats

Built: R 3.3.3; 2017-12-14 00:36:33 UTC; windows

RemoteType: local

RemoteUrl: C:/PraxisR/gmapsdistance-master

RemoteSha: 3.1

Figure 3.4 About CRAN Package “gmapsdistance”

We run our R-script twice. First, to establish a distribution of the drive time of our
priority one (1) medical incidents when launched from their positions at the time of alert.
Second, to establish a distribution for the drive time of our priority one (1) medical

incidents when launched from optimized ambulance locations.

It should be noted, we purposefully do not use the drive times we could easily
extract directly from the VCFD CAD database. Instead, we use the “gmapsdistance”
function to compute historical as well as optimized travel times. By doing so, we make a
like-for-like comparison. By employing this approach, we can make possible an equitable
comparison of historical and optimized cases. Otherwise, we could not make a fair
comparison because we could not remove human factors, enforce speed limits, or account
for the advantages of traffic light interceptors, emergency lighting, and sirens in the
ambulance drive times derived directly from the CAD system database. We note that, in

practice, both the historical drive time and the optimized drive time to any discrete
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incident could be different, likely faster, but would be equally and proportionally so;
considering all factors weighing on the matter to be equally present. Furthermore, by this
approach, we eliminate the possibility of using erroneous data collected by the CAD
system. For instance, if the on-scene button in the ambulance was pressed prior to arrival,
or if there was a glitch in the ambulance computer, modem or telecommunications
network involved in the data transfer; the times in the CAD database might not be true.
Because we know the geospatial coordinates of the ambulance when alerted and we know
the geospatial coordinates of the incident address, we can eliminate errors by computing

the drive time for both the optimized and historical cases.

The output of our R-script will be a comma delimited matrix of drive times
between incident locations and the associated ambulance locations when the ambulance
started driving, as indicated by the time the ambulance pressed the “en route” button on
their computer. Some CAD systems use the GPS system to detect vehicle movement.

This capability exists in the VCFD CAD but is not currently enabled (Tenbrook, 2017).

3.5 Analyze Drive Times

We use Microsoft Excel with “Analysis TookPak — VBA” and the “Solver” add-
ins to conduct statistical analysis of our optimized and historical drive time data derived
from our R-script. These statistics, derived from our R-script, are illustrated in Table 4.8,

and by the histograms in Figure 4.14 and Figure 4.15.

To provide an additional dimension to our results we’ll also predict the probability
ambulances will arrive within elapsed time parameters using a normal distribution. To
these ends we provide probability density function and cumulative probability distribution

charts. The cumulative probability function allows us to predict and compare the
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probability optimized and historical ambulance response times will fall within thresholds
of interest. We’re interested in the clapsed time between the ambulance alert and the
ambulance arrival on-scene, commonly known as the response time. We’re also interested
in the elapsed time between the first-ring of the call-for-service at the PSAP and the
paramedic’s arrival time at patient-side, an interval we identify as Total Response Time.
We derive these probabilities from the drive time functions by adding the appropriate

constants.

3.6 Translate Drive Time to Response Time
Response time is an ambiguous term so it’s important to define precisely what we

mean. For the test our final null hypotheses H2o, we define our response time as:

RT,. = Time from ambulance alert to time of ambulance arrival on-scene.

Then we have:

RT,. =TT + DT

RT,. = 63sec+ DT

where,

TT = Turn-out-time = 63 seconds

DT = Drive time (derived by the analysis)

We use the mean times discussed in Chapter 1 and illustrated in Figure 3.5, as
constants that we add to our derived and tested drive time results. These statistics are based

on the statistics we derived from our R-script and illustrated as drive times in Table 4.8.
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We illustrate them as histograms in Figure 4.7 and Figure 4.16, of our complete analyses

of critical medical incidents in Ventura County during 2007-2017.

As we discussed in Chapter 1, the confidence level of our ambulance turn-out
time (TT) is moderately high. We acknowledge that fire service turn-out times are
generally several minutes duration, for myriad reasons beyond the scope of our praxis.
However, ambulance turn-out times are generally much faster because ambulances are
frequently out-of-quarters, and pre-positioned or driving, with their crew already aboard

the vehicle.
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Figure 3.5 Ventura County Medical Incident Response Process with Mean Times

Ambulances arrive according to a Poisson process (Scott, et al.,1978), however

response times can be predicted according to a normal distribution. It is possible to predict
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the probability a response time will be achieved on a second-by-second basis. The
cumulative probability drive time chart at Figure 4.11 can be used to predict time-of-first-
ring to time-at-patient-side by adding 138 seconds to the drive time. We are specifically
interested in the 4-minute ambulance response time goal for CPR and the 8-minute
ambulance response time goal for defibrillation of cardiac patients. All probability
functions are calculated at the 0.95 confidence level. It is important to note we do not use

probability predictions to prove our hypotheses.

3.7 Translate Ambulance Response time to Total Response time

Response time is an ambiguous term so it’s important to define precisely what we
mean. For inferring patient outcomes, we define response time (RT), ) as the elapsed time
from the first-ring at the PSAP to the time the paramedic arrives at the patient’s side. We
use this definition of response time for patient outcomes because it best informs
inferences about patient outcomes deduced from our interviews of four medical directors

and our literature review in Section 2.4.
RT,, = Time from first-ring to time-at-patient-side
Then we have:
RT,, = AT + RT,. + PT
RT,, = 48 sec + RTy. + 27 sec
where,
AT = Pickup-to-assign Time = 48 seconds

PT = Curb-to-patient-side time = 27 seconds
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As we discussed in Chapter 1, the confidence level of our curb-to-patient-side time (PT)
is ambiguous. However, it is a best estimate for demonstrating the context of our results.
We have high confidence in the pick-up to assign time (AT) because it is an FCC metric

reported by the VCFD.

To provide sufficient context to infer improvements in patient outcomes we
provide a minute by minute histogram comparing time from first-ring to time at patient-
side at Figure 4.17, which is a product built upon our drive times derived from our R-
script. These is no hypotheses associated with this work but these results support several

of our research objectives and future research opportunities we discuss in Chapter 5.
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Chapter 4: Analysis and Results
Chapter 4 discusses the results of our analysis. We will examine the results of
analyzing critical medical incident location data for all of Ventura County over ten years,
2007-2017. We extracted data on 439,989 medical incidents in Ventura County during
the period 2007-2017 from the VCFD CAD system database. Of these, we found 20,723

to be priority one (1) medical incidents.

4.1 Statistically Significant Clustering of Data
We confirm there are statistically significant geospatial clusters of critical medical
emergencies in Ventura County utilizing two methods: The “Average Nearest Neighbor”

analysis and the “Optimized Hot Spot Analysis.” (ESRI, 2018)

4.1.1 Average Nearest Neighbor (ANN) Analysis

The results of the ANN analyses can be found at Appendix E. The ANN analysis
is discussed in Section 3.2.1. According to our results there is less than a 1% chance the
observed clustering of priority one medical incidents in Ventura County could be due to
random chance. Notably, the ANNgr = 0.192508 is less than 1, the Z-score = -222.3422
and the P-value = 0.000000, indicating a confidence level of 99%. We can reject our null
hypothesis (H1o) as these results indicate priority one medical incidents in Ventura

County are geospatially clustered and statistically significant.

4.1.2 Optimized Hot Spot Analysis

Next, we use a second method, the Optimized Hot Spot Analysis, to gain more
insight into our clusters and further confirm we can reject our null hypothesis (H1o). The
Optimized Hot Spot Analysis tool was discussed in Section 3.2.2. Figure 4.1 provides a

visualization of our results which illustrates where statistically significant critical medical
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incidents in Ventura County are geospatially clustered. Four tables of our results can be

found at Appendix F.
Gi_Bin
TOPATOPA MOUNTAINS
4 - Cold Spot - 99 onfidence
Bl cold Spot - 95% C ence
Cold Spot - 90
Not Significant
Ui Hot Spot - onfi «
- Hot Spot - 95% Co
Oak View g Fillmore Il +ot spot - 99 nfide
Santa Paula
©H
" 1
- Mcoarpark
"N
B jt:3=]
B
=]
Oxnard
- =
: ':ﬁ"'"" :
Agoura Hills
l Calabasa
Point > ‘
Mwu-State \ . Malibu
Park 4 Crea)
State Park
’ '] X A ( ol
Malibu

Figure 4.1 Optimized Hot Spot Analysis Cluster Map
Ventura County Priority One Medical Incidents 2007-2017

Our results indicate 23 percent (224/971) of the polygons produced a Gi* Z-score
more than one standard deviation greater than the mean and were assigned a <Gi_Bin>
not equal to zero. The results for polygons that demonstrated CSR, that is <Gi_Bin> =0,

are not included, as they are not relevant.
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Table 4.1 Optimized Hot Spot Analysis Z-Score Statistics
Ventura County Priority One Medical Incidents 2007-2017

Getis-Ord Gi* Z-Score Statistics

Mean 0.591939112
Median 0.080387738
Standard Deviation 2.506241648
Sample Variance 6.281247197
Range 12.88832238
Minimum -3.025903192
Maximum 9.862419188
Count 972

Getis-Ord Gi* Z-score vs. P-value

1.2

]
rk
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Figure 4.2 Optimized Hot Spot Analysis Z-Score vs. P-value Chart
Ventura County Priority One Medical Incidents 2007-2017

Table 4.1 provides statistics about our Gi* Z-scores and Figure 4.2 provides an
interesting view of our Z-scores plotted against our p-values. One can easily visualize the

statistically significant hot spots along the right tail of the plot and the statistically
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significant cold spots on the left tail, and recognize there are, by far, fewer cold spots in
this analysis.

Table 4.2 Hypothesis H1 Test Results

Hypothesis H1 Accept | Reject

H1lo | Statistically significant spatial clusters of critical medical

incidents are not present in Ventura county.

H1a | Statistically significant spatial clusters of critical medical

incidents are present in Ventura county.

Two additional Optimized Hot Spot Analysis maps can be found at Appendix G.
The first map at Appendix G illustrates the Optimized Hot Spot Analysis if the study area
is limited to the boundaries are the ten cities of Ventura County, excluding the
unincorporated areas. One can easily see there are more clusters. We expect this result
because the cities contribute a larger percentage of the incidents than the unincorporated
areas due to their population density, while at the same time the study area is greatly
reduced when limited to the ten cities. The second map at Appendix G illustrates the
Optimized Hot Spot Analysis on Ventura County is the data includes all 439,989 medical
incidents. By visual inspection, one can see the clusters of all medical incidents are
significantly different than the clusters of priority one (1) medical incidents, and, both hot
and cold clusters are much larger. We expect the hot spots to be larger because the
incident volume is much higher, while the study area studied remained the same. These
maps because they reinforce our assertion that our methodology is sound, they are

thought provoking, and they are relevant to current and future research.
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4.2 Location Allocation

We use the “ArcGIS Pro Network Analyst Extension” (ESRI, 2018) to perform
location allocation. In preparation for our network analysis we build a feature-set of
candidate facilities using the County Centerline to select the road junctions in our study
area, which number approximately 45,000 and a feature-set of our demand points created
from x-y data using the latitude and longitude of 20,723 priority one medical incidents.
We extracted the required input feature-sets from our project geodatabase and defined a
function to extract, symbolize, and display the output results from the location allocation

tool.

First, we performed an analysis of the “minimize impedance” type to reduce the
number of candidate facilities from approximately 45,000 to 450. The “minimize
impedance” option in the location allocation tool solves the p-median problem type we
discussed in Chapter 2. We did this in the interests of efficiency because through trial and
error we found that a solution could not be obtained without error messages when
running the analysis of the type “maximize coverage” while choosing 25 out of 45,000
candidate facilities, to serve 20,725 demand points, on our microcomputer. Noteworthy is
that analysis of these types, with this volume of data, require more than 24 hours to load
data and run. The workstation hardware and operating system that we acquired
specifically for our research exceeds ESRI’s system requirements and is specified at

Appendix H.

We imported facilities and demand points to our location allocation layer. We set
mode of travel to “driving,” we set direction “away from facility,” we set “cutoff” to 20

minutes, and we set the number of facilities to be chosen at 450. We used a cutoff time of
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20 minutes to be sure our selected facilities were sufficiently dispersed to serve the entire
service area during the next step in our location allocation process. The table of facility

results choosing 450 facilities is available upon request from the author.

Second, we performed an analysis of the type “maximize coverage” to reduce the
number of candidate facilities from 450 to 25. The “maximize coverage” option in the
location allocation tool solves the maximal coverage location problem (MCLP) problem
type we discussed in Chapter 2. We imported facilities and demand points to our location
allocation layer. We set mode of travel to “driving,” we set direction “away from
facility,” we set “cutoff” to 5 minutes, and we set the number of facilities to be chosen to
25, which is the number of ALS ambulances operating in the southern half of Ventura

County.

Our output is a table of facilities that identifies the 25 facilities that were chosen, a
table of demands that pairs each demand point with one of the chosen facilities, and an
output geometry linear shape file, also known as a tulip map. The table of facility results
choosing 25 facilities can be found at Appendix 1. The tulip map at Figure 4.3 illustrates
the chosen facilities and their associated demand points connected by a straight line. The
location allocation analysis solved for least-cost paths along the road network. However,
by ESRI’s design, road network paths cannot be displayed in the ArcGIS Pro tulip map
because the graphic would be so cluttered it would be incomprehensible. Consequently,

the path is shown as a straight-line, so the results can be visualized on the map.

The 25 facilities chosen are the best locations for paramedic ambulances in
Ventura County to respond from when driving to the priority one (1) incidents that

occurred during 2007-2017. These are the optimized ambulance positions that we’ll use
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to compute and compare drive times in our next step. We note that 796 (3.8%) incidents
are not covered by our model. These results are better than the 976 (5.3%) of historical
incidents with driving times greater than 750 seconds, the threshold when, without

medical intervention, a patient is past the point of saving.

Figure 4.3 Optimized Facility-Demand Tulip Map
Ventura County Priority One Medical Incidents 2007-2017

4.3 Compute Drive Times

We run our R-script twice to compute the driving time between our study
locations. First, to establish a distribution for the drive time of our priority one medical
incidents alerted from their historical location (the latitude and longitude of the
ambulance at the time the ambulance paramedic pressed the “en route” button according
to the VCFD CAD system database). Second, to establish a distribution of the drive time
of our priority one medical incidents when launched from the optimized location solved

by location allocation. The output of our R-script is a comma delimited file, a matrix of
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drive times between incident and ambulance location. The output times are rounded to
the nearest second by the GDMS. When more than one paramedic ambulance is alerted
and assigned to the same incident, such as happens with multiple causality incidents

(MCls), we treat each assignment as an independent incident.

4.4 Analyze Drive Times

We analyzed our results and found the optimized ambulance positions resulted in
an average drive time 134.6327 seconds faster and a median drive time 113 seconds
faster. Table 4.6 provides a comparison of the statistics.

Table 4.3 Drive Time Statistics (Seconds)
Ventura County Priority One Medical Incidents 2007-2017

Statistic\Travel Time Historical Optimized
Comparison
Count 20718 19922
Mean 386.8433 252.2106
Median 357.0000 244.0000
Standard Deviation 233.5613 116.5198
Variance 54550.8697 13576.8539

Ambulances arrive according to a Poisson process (Scott, et al., 1978), (Chang
and Schoenberg, 2009), however response times can be predicted using a normal
distribution. Several charts are provided to visualize the results. Figure 4.4 compares the
probability density functions of the optimized and historical drive time probability
distributions. Figure 4.5 compares optimized and historical ambulance drive time
cumulative probability distributions with a 95% confidence level. Figure 4.6 illustrates
the frequency of occurrence for both optimized and historical cases. Figure 4.7 is a

histogram of drive times meeting minute-by-minute time thresholds. We have
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unequivocally shown faster drive times to critical medical incidents can be achieved

through optimization. As illustrated in Table 4.4 we reject our null hypothesis (H2o).
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Figure 4.4 Probability Density Functions of Drive Times
Ventura County Priority One Medical Incidents 2007-2017
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Figure 4.5 Cumulative Probability of Ambulance Drive Times
Ventura County Priority One Medical Incidents 2007-2017
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Figure 4.6 Drive Time Comparison Histogram
Ventura County Priority One Medical Incidents 2007-2017
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Figure 4.7 Drive Time Comparison Bar Chart
Ventura County Priority One Medical Incidents 2007-2017
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Figure 4.8 Drive Time Validation Demonstration

4.2.6 Validating Drive Time Calculations

We verify the accuracy of our drive time calculations by manually spot checking
0.5% (212 of 41,441) of randomly selected drive times using the ArcMap routing tool.
GDMS will not return a drive time in fractions of seconds. By way of demonstration, in
Figure 4.8 we use the ESRI ArcGIS routing tool to measure the drive time from our
optimized ambulance location (34.398112, -118.91778) to an incident location
(34.396524, -118.916249). The tool returns a drive time of 0.336381 minutes (20.1829
seconds), as indicated in the dialog box superimposed on the map at Figure 4.8. Our R-
script returns a drive time of 20 seconds for the same problem. The difference of 0.1829
seconds is due to rounding to the nearest second by the GDMS. We found 100% (212) of

the drive times we verified were accurate to the nearest second.
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4.2.7 Translate Drive Time to Response Time

In this section we translate drive time into response time for the purpose of
examining ambulance response time goals. We define response time (RT,.) as the time
from ambulance alert at the PSAP to the time of ambulance arrival on-scene. This is also

the time interval used to establish metrics for ambulance contract compliance. Then we

have:
RT,. =TT + DT
RT,. = 63 sec + DT
where,
TT =63 seconds, and DT is derived by the analysis
Response Time Comparison (in minutes)
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Figure 4.9 Ambulance Response Time Comparison
Ventura County Priority One Medical Incidents, 2007-2017
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As we discussed in Chapter 1, our confidence level in the accuracy of the pickup-
to-assign time (AT) and the ambulance turn-out time (TT) is high. The AT is an FCC
performance metric reported by the VCFD. The ambulance TT is calculated from CAD
as the interval between the alert time and the “en-route” time. Fire service turn-out times
are generally several minutes duration, but ambulance turn-out times are generally much
faster because ambulances are frequently out-of-quarters, while either staged or driving,

with their crew already aboard the vehicle.

Table 4.4 Hypothesis H2 Test Results

Hypothesis H2 Accept | Reject

H2o | Geospatial optimization of ALS ambulance positions does
not provide faster response times to critical medical 4

incidents.

H2a | Geospatial optimization of ALS ambulance positions
provides faster response times to critical medical v

incidents.

Figure 4.9 is a histogram of response times meeting minute-by-minute time
thresholds. We note that our optimized response time (RT,.) would achieve a 43 percent
improvement (18,122 versus 12,704 incidents) over historical response times meeting the
eight-minute ambulance response time goal (95% confidence level). As show in Table
4.5 we reject our null hypothesis (H20) that geospatial optimization of ALS ambulance

positions does not provide faster response times to critical medical incidents. We have
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clearly shown faster response times to critical medical emergencies can be achieved

through geospatial optimization of ALS ambulance positions.
4.2.8 Translate Drive Time to Total Response Time

We translate drive time into total response time for inferring patient outcomes.
We define total response time (RT,,) as the elapsed time from the time-of-first-ring at
the FCC to the estimated time the paramedic arrives at the patient’s side. We use this
definition of response time because it best informs making inferences about patient
outcomes that we deduced from interviews of four medical directors and from our

literature review. Then we have:
RT,, = AT + RT,. + PT
where, AT =48 seconds, and PT = 27 seconds
RT,, = RTy. + 75 sec

As we discussed in Chapter 1, the confidence level of our curb-to-patient-side
time (PT) is ambiguous. However, it is a best estimate available for demonstrating the
context of our results in a mostly suburban county. If PT was several minutes in duration
it would not affect medical inferences defined as improvements per minute of response
time reduction until we approach time thresholds wherein a patient without medical
intervention has no chance of survival. Figure 4.10 is a histogram of total response times
meeting minute-by-minute time thresholds. We note that our optimized ambulance
locations result in response time from first-ring to time at patient-side that would achieve
an 98 percent improvement (1,903 versus 963 incidents) meeting the four-minute

response time goal for qualified CPR. Additionally, we note that our optimized
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ambulance locations result in a total response time (time-of-first-ring to time-at-patient-
side) that would achieve a 60 percent improvement (15,315 versus 9,587 incidents)
meeting the eight-minute total response time goal for defibrillation of patients in cardiac
arrest. Modeled as a normal distribution the probability a paramedic will arrive at patient-

side within 8 minutes increases by 35% (from 42% to 78%).

Priority One Medical Incidents
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Figure 4.10 Ambulance Total Response Time Comparison
Ventura County Priority One Medical Incidents, 2007-2017
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Chapter 5: Conclusions
In chapter 5 we review the results of our hypotheses testing, answer our research
questions, discuss our research objectives, and address areas for future research. We draw
conclusions from answering our research questions, culminating with our answer to
research question number six (6), wherein we assert improved patient outcomes can be
achieved through faster response times and we infer to what degree patient outcomes

might be improved and with what probability.

5.1 Discussion

Through modeling ambulance positioning based on the locations where critical
medical emergencies are most likely to occur, at the expense of where other medical
emergencies are likely to occur, we have shown that faster response times can be
achieved to critical medical emergencies. We are not surprised by our findings because
the EMS system in Ventura County responds to all medical emergencies in the same
manner; with the closest available paramedic ambulance, without regard to criticality.
The only exception is lights, sirens and traffic signal interrupters that are used by
ambulances responding to critical medical incidents. These evidently have little effect
because, as discussed in our problem statement, we found only 1.0689 seconds difference
in the mean ambulance response time between 20,723 critical medical emergencies and

all 439,989 medical emergencies spanning 11 years.

5.1.1 Research Questions and Hypotheses
In Chapter one we identified several research questions and we formulated our

hypotheses, all are worthy of review and further discussion.
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5.1.1.1 Research Question 1

We asked, “What Is the Difference in Drive Time Between Priority One Medical
Incidents and All Medical Incidents In Ventura County Over The Period 2007-2017?” In
Section 1.2 we established there is no significant difference. The evidence that paramedic
ambulances respond no faster to critical medical incidents than they respond to all
medical incidents provides the foundation of the problem statement for our thesis. In our
praxis we posit that they should respond faster to critical medical incidents, and we show

how they could respond faster.

5.1.1.2 Research Question 2 and Hypothesis H1

We asked “Are there statistically significant spatial clusters of priority one (1)
medical incidents in Ventura County over the period 2007-2017? Are these clusters
different than the clusters of all medical incidents in Ventura County over the period
2007-2017?” This question was a test of our first null hypothesis, Hlo. In Section 5.1 we
showed that there are statistically significant spatial clusters of priority one (1) medical
incidents in Ventura County. We showed this using two techniques; the ANN Analysis
and the Optimized Hot Spot Analysis. Additionally, we showed by visual inspection that
these clusters differ from the clusters of all medical incidents in Ventura County. The
presence of statistically significant spatial clusters of critical medical incidents provides

the basis for more advanced geospatial analysis of priority one (1) medical incidents.

5.1.1.3 Research Question 3
We asked, “Can we find better (optimized) locations for paramedic ambulances to
respond from? Where are the optimized locations?”” Yes, in Section 5.2 we showed that

we can find better (optimized) locations for paramedic ambulances. We accomplished
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this through geospatial location allocation. These ambulance locations are better because
the mean and median cost (time or distance), we specifically modeled drive time, is
decreased when responding to critical medical emergencies from the closest of 25
optimized facility locations. The locations of these 25 facilities are illustrated in Figure

4.3 and listed in Appendix I.

We note the locations we identified through geospatial analysis are for
demonstration purposes to prove our hypothesis. Other factors may contribute to a better
location or a worse location to position an ambulance. For instance, an intersection one
block east of an optimized location may have a parking lot with better ambulance egress
in multiple directions, and a restaurant where paramedics could dine. So, the location to
the east may be a better option for staging an ambulance with negligible effect on our
results. Similarly, an ambulance company looking to site a station may find an apartment
complex two blocks west may have better parking for ambulances and easy access to
external power for the ambulance mobile CAD system. However, the apartment two
blocks west, while quite suitable to house paramedics and station an ambulance, may

increase, decrease, or have a negligible effect on response time.

5.1.1.4 Research Question 4

We asked, “Can we show optimized ambulance locations would provide faster
drive times to priority one medical incidents in Ventura County than was achieved over
the period 2007-2017?” In Section 5.4 we showed we can reduce drive times by 134
seconds (mean) and by 113 seconds (median). We derived these optimized drive times
through an R-script we developed to call the GDMS “gmapsdistance” function. We used

the same technique to derive the drive times from the historical location where the
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ambulance went “en route” to eliminate errors and factors outside of our control that

might have skewed our results.

However, it is important to review a caveat to our methodology. Like previous
research by Silva and Serra (2008) we “relax the assumption of dependence of server
availability.” That means we assumed an ALS ambulance would always be available to
meet every demand from the optimized location. This is a non-trivial assumption; so, we
want to be clear by acknowledging that more research will be required to refine our work.

We elaborate on this matter in Section 5.3.

5.1.1.5 Research Question 5 and Hypothesis H2 imry

We asked, “What effect will faster drive times have on ambulance response
times?”” This question was a test of our third null hypothesis, H2o for. After deriving
drive times from our model, we translated drive time to response time by adding 63
seconds to the drive time. Figure 4.15 illustrates activities which account for the
additional 63 seconds. We showed a 43 percent improvement meeting the LEMSA’s 8-

minute response time ambulance contract metric.

5.1.1.6 Research Question 6

We asked, “What effect would optimized ambulance locations have on critical
medical incident patient outcomes?”” To make medical inferences regarding patient
outcomes we cite the principle, deduced from our interviews and literature review, that a
one-minute reduction in time-to-patient side correlates to an 8 percent increase in the
probability a patient will survive one day and a 17 percent increase in the probability a
patient will survive 90 days. Based on our improved drive time results we infer that our

optimize ambulance locations correlate to an 18 percent improvement in the probability a
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patient will survive one-day and a 38 percent improvement in the probability a patient

will survive 90 days.

To infer improved patient outcomes from our research we interviewed four local
government EMSA medical directors; Dr. Chase (2017), Dr. Shepherd (2017), Dr.
Salvucci (2017), and Dr. Sayre (2017). All agreed the EMS community has adopted the
principle that an 8 percent decrease in cardiac patient survival occurs for every one-
minute increase in ambulance response time. We also reviewed pertinent scholarly
literature from Wilde (2013), Callans (2004), Hallstrome, et al. (2004), and Ball (2018)

that corroborate the 8 percent per minute difference (increase or decrease) in mortality.

Additionally, we cited research by Wilde (2008) that showed a strong relationship
between response time and long-term survival of cardiac patients Wilde concluded that
every minute of response time causes a 17 percent change in surviving 90 days after the

incident. (Wilde, 2008)

We acknowledge our medical inference that patient outcomes can be improved
may be somewhat optimistic because they are based on response time improvements that
placed no limitations on ALS ambulance availability. In Section 5.3 we elaborate on the
shortcomings of our research. Nevertheless, we have provided results that support the

case that patient outcomes can be improved through faster ambulance drive times.

We translated drive time to time-to-patient-side by adding 138 seconds to the
drive time. It is important to note the times we add to drive time are mean times for all
medical incidents or best estimates for critical medical incidents. The time segment for

call processing and dispatch at the FCC is an average for all calls, medical and fire alike.
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Similarly, the time segment for paramedic turn-out and curb-to-patient-side are averages
for all medical incidents. It is not hard to imagine that FCC processes critical medical

emergencies faster than other calls for service or that paramedics walk faster to and from
their ambulance on a cardiac incident than on lower priority incidents. However, no data

of this kind is collected exclusively on priority one (1) medical incidents.

5.1.2 Research Objectives

Like our research questions and hypotheses, our research objectives also merit
revisiting.
5.1.2.1 Research Obijective 1

Our first research objective was to demonstrate the advantages of using geospatial
analytical methods to analyze EMS. In Section 2.2.2 we reviewed literature wherein
geospatial analytical methods were employed to solve several different ambulance
location allocation problems. In Chapter 3 discussed and explained the application of
ESRI tools to analyze EMS, specifically reviewing the use of the Average Nearest
Neighbor analysis tool, the Optimized Hot Spot Analysis tool, and the location allocation
tool. In Section 2.1 we introduced the concept of continuous space location models and
discussed examples related to EMS management. In Section 2.2.1 we reviewed literature
from various disciplines that applied geospatial analysis to their research that was either
relevant to ours, or pertinent to future research in the field. In Chapter 4 we used
geospatial analytical methods to prove hypothesis H1 and to create optimized ambulance

positions we input into our model to prove hypothesis H2.

83



5.1.2.2 Research Obijective 2

Our second research objective was to demonstrate the usefulness of the vast
amounts of data now collected by PSAP’s. In Section 1.1 we showed ambulance contract
metrics expect a faster response to priority one (1) medical incidents than other medical
incidents. Although ambulance response times typically comply with contract metrics, we
showed there is was no difference in the response time to critical medical emergencies
than to all medical emergencies, over the period 2007-2017 in Ventura County.
Developing our thesis and formulating our problem statement would not have been
possible without a decade of incident response data. Subsequently, throughout Chapter 2
through Chapter 4, we demonstrated ways a vast amount of data can inform geospatial

analysis and we set the stage for further research based on our results.

5.1.2.3 Research Objective 3

Our third research objective was to demonstrate the utility of location allocation
heuristics to optimize ambulance locations to reduce ambulance response times to critical
medical emergencies. In Section 4.2 through Section 4.4 we demonstrated how location
allocation can be utilized to optimize ambulance locations. In Section 4.2 we solved the
P-median problem (minimize impedance) and the maximal covering location problem

(MCLP) to set up for the proof of hypothesis H2.

5.1.2.4 Research Objective 4

Our fourth research objective was to provide the impetus for further research into
spatial, temporal, and spatiotemporal analysis of demands for ambulance services. Our
thesis was wholly geospatial, but our problem statement establishes sufficient need for

the addition of temporal or spatiotemporal aspects to our thesis. If incorporated into our
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methodology, the temporal or spatiotemporal aspect would likely produce even higher
confidence level clusters and better drive time and response time results. We elaborate on

this matter in Section 5.2

5.1.2.5 Research Objective 5

Our fifth research objective was to provide the motivation to configure a SSM
system simulation using our optimized ambulance locations. A SSM system simulation
would be a reliable method to measure the true value of our optimization or any proposed
enhancement to the EMS system. In our case, the impact of “relaxing the assumption of
dependence of server availability” (Silva and Serra, 2008) would be immediately
revealed, but we must note, not solved. Such a simulation would likely inform modeling
nuances that could be incorporated into a more complex optimization that did not assume

ALS ambulance availability. Thus, contributing to a more optimal and practical solution.

5.1.2.6 Research Objective 6

Our sixth research objective was to provide the inspiration to study a multi-tiered
EMS system; one where BLS ambulances respond to non-critical medical emergencies
allowing ALS resources to be reserved for critical medical emergencies. This is the
proverbial “elephant in the room.” Dispatch supervisors (Zinskey, 2017) and EMS
medical directors (Sayre, 2017) agree, a multi-tiered EMS system likely provides faster
responses to critical medical incidents. However, more research and concrete evidence is
necessary to support the anecdotal suppositions of even the most informed EMS
professionals. Changing from a single to a multi-tiered EMS system is fraught with
difficult and politically unpalatable choices. For instance, elected officials may be

reluctant to approve changes causing non-critical patients, who may be experiencing
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severe pain, to wait longer for an ambulance because BLS ambulances are busy and ALS
ambulances are reserved for more critical patients. Similarly, government administrators
may be hesitant to thrust less qualified EMT staff into the role of first responder, because
incidents are sometimes mistakenly categorized as low priority when they actually
require a paramedic, or incidents may require a paramedic if a patient’s condition
changes during pre-hospital emergency care. It is not unusual for first responders to

observe an OHCA after arrival at an incident of a different or lower priority call type.

5.2 Future Research
We acknowledge our research is, in many ways incomplete, and we make

suggestions here for future research.

1) Future research should address the impact of the ALS system activities on the
availability of ALS ambulances and subsequently on the optimization model. In our
methodology we assumed there would always be an ambulance available to respond from
the optimized location at the time of the critical medical incident. To add system
constraints to the analysis we would need to know more about the ambulance that
responded. We already know it was the closest available ambulance, where it was when
alerted, and how long it took to get to the incident. We would need to determine if it was
available at a hospital, available staged at a non-optimal location, available from its
assigned ambulance quarters, available from the scene of another emergency where it
was no longer needed, or available while moving between two of the aforementioned
places. With this information we could determine if it would have been possible for this
ambulance or one of the other 24 ambulances in Ventura County to move to the

optimized location at least one second prior to the CAD system looking for the closest
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available ambulance to assign to an incident. This is a far more complex analysis than we
undertook, that could likely benefit from a simulation to inform all the aspects that merit

incorporation.

2) Conversely, future research should consider the effect of the optimization
model on the availability of ALS ambulance and on their activities within the ALS
system. If an ALS ambulance was staged at an optimized location, it would not be where
it was according to the CAD system history. We would need to consider the effects of
moving the ambulance to the optimized location as opposed to letting it remain where it
was. These considerations are closely related to 1) above and might be a complimentary

undertaking, either in modeling, simulation or both.

3) Further research should consider temporal analysis or spatiotemporal analysis
to determine if statistically significant time-space clusters are present in our data. The
demand for ambulances fluctuates throughout the day and the week depending on the day
(Rajagopalan, et al., 2006). Temporal analysis could be performed independently of
spatial analysis on the same data and then combined. Time bins could be construed from
the results of temporal cluster analysis to inform divisions of spatial location allocation,
or logical time segments could be adopted based on antidotal input. This approach was
taken to the study of ambulance response times reviewed in Section 2.2.2, “A Case Study
of Odunpazari District of Eskisehir Province, Turkey.” A more sophisticated approach,
spatiotemporal analysis, would require the construction of space-time cubes and a three-
dimensional geodatabase. Subsequently, three-dimensional cluster analysis and three-
dimensional location allocation analysis could be undertaken to determine optimal

ambulance locations in time and space.
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4) Further research should be undertaken to evaluate the merits of a multi-tiered
EMS system and its effect on response times. The Moran’s I spatial autocorrelation
statistic discussed in Section 2.2.1.3 shows promise for application to identify statistically
significant hot spots in multi-tiered EMS systems. The city of Seattle operates a multi-
tiered EMS system of a somewhat unique type. A BLS ambulance responds to every
incident notwithstanding the priority and in some instances a second BLS ambulance may
respond prior to the launch of an ALS ambulance (Sayre, 2017). Seattle offered us their
data for study without any hesitation. Unfortunately, modeling for the optimization of
ambulance positions in a multi-tiered EMS system was beyond the scope of our research.
Seattle’s geospatial network data sets are posted online for easy public access, making

ambulance response times in this city an attractive subject of further research.

5) Further research should consider the impact of catastrophic all-hazard incidents
on the EMS system and ambulance response times. Incidents are typed according to scale
by the need for first responders external to the EMS system. Type 1 incidents utilize
inter-state resources. Type 2 incidents utilize intra-state resources. Type 3 incidents
utilize regional resources typically preprogrammed by mutual aid agreements. Type 4
incidents utilize intra-agency resources or regional resources preprogrammed by
automatic aid agreements. Indeed, any “Type” incident, beyond the routine Type 4
incidents, may have unique ambulance requirements or limitations. These catastrophic
events may require a robust EMS response, such as occurs during a mass casualty
incident like an airline crash; restrict ambulance movement, such as occurs during a
major earthquake when roads are impassible; or restrict ambulance access, such occurs as

during a wildfire, when only qualified fire service personnel are allowed into a region.
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Appendix A - All Medical Response Levels and Call-types - Ventura County EMSA

riority| Descrip [Response Level CAD Code Description tevel  [CAD Code
M1 [BREATHING PROBLEMS HIGH Medical HighPlus _ |DIFBREH M5 [FALLS NON EMD Medical Ezms
M1 [BREATHING PROBLEMS NON EMD Medical HighPlus __ |2DIFBRE  |MS  |GUNSHOT dical N
M1 |CARDIAC/RESP ARREST NON EMD tedical HighPlus __ [ZNOTBRE |MS  [GUNSHOT NON EMD Medical Fcuu
M1 |CARDIAC/RESP ARREST/DEATH Medical HighPlus __ NOTBRE M5 [HEADACHE Medical HEAD
M1 |CARDIAC/RESP ARREST/DEATH HIGH | HighPlus _ |[NOTBREH _|MS  [HEADACHE NON EMD wedical Fuuo
M1 CHEST PAIN NON TRAUMA HIGH Medical High Plus CPH IMS HEART PROBLEM Medical HEART
M1 ICHEST PAIN NON TRAUMA NON EMD Medical High Plus 2¢9 MS HEAT/COLD EXPOSURE Medical vaosn
M1 |CHOKING HIGH tedical HighPlus _ |CHOXEM  |MS  |HEAT/COLD EXPOSURE NON EMD Medical ZEXPOSR
M1 [HEART PROBLEM HIGH tedical HighPlus _ [HEARTH _ |MS  [HEMORRMAGE/LACERATION NON EMD [Medical |28LE60
M1 [HEART PROBLEM NON EMD Medical HighPlus __ [ZHEART _ [MS  |HEMORRHAGE/LACERATIONS Medical |BLEED
M1 |UNCONSCIOUS/FAINT HIGH Medical HighPlus _ [UNCONH__|M5  [MEDICAL ALARM Medical ALARMMED|
M1 |UNCONSCIOUS/FAINT NON EMD Medical HighPlus__ |ZUNCON _ ms  [MUTUAL AID-MEDICAL Mutual Ald Medical _|MAMED
M3 [ABDOMINAL PAIN HIGH Medical High ABOH [MS  [OVERDOSE/POISONING Medical 0D
M3 |ALLERGIES/ENVENOMATIONS HIGH Medical High ALLERGYM [MS  [OVERDOSE/POISONING NONEMD | Medical 200
M3 [ANIMAL BITES/ATTACKS HIGH Medical High |Bimen MS__|PENETRATING WOUNDS Medical PENET
M3 JASSAULT HIGH Medical High |asuH MS_ [PENETRATING WOUNDS NONEMD __ [medical ZPENET
M3 BACK PAIN NON TRAUMA HIGH Medical High BACKH IMS PREG/BIRTH/MISCARRIAGE NON EMD  |Medical F?ﬁiﬁ
M3 |§ewwnom. EMERGENCY HIGH dical High BEHAVH  [MS ANCY/BIRTH/MISCARRIAGE dical PREG
M3 |BURNS / EXPLOSIONS HIGH Medical High |aunnu ms  [sick PERSON Medical fsicx
M3 [CO/ INHALATION / HAZMAT HIGH Medical High |con Ms  [sick PERSON NON EMD Medical ZSICK
M3 |CONVULSIONS/SEIZURES HIGH Medical High |sEizn Ms  [sTaBBING Medical STAB
M3 |DIABETIC PROBLEMS HIGH Medical High |oiaseT_ |ms  [sTABBING NON EMOD Medical ISTAB
M3 |DROWNING/DIVING/SCUBA HIGH Medical High |orownH  [Ms  [sTiLL ALARM Still Alarm STILL
M3 |ELECTROCUTION/LIGHTNING HIGH dical High |eLecTH ms  [STROKE (CvA) dical |sTROKE
M3 |FALLS MIGH Medical High FALLH mMs  [STROKE (CvA) NON EMD Medical 2STROKE
M3 |GUNSHOT HIGH Medical High GUNH MS_ [STROKE TRANSPORT Ambulance Only  [TSTROKE
M3 |HEMORRHAGE/LACERATIONS HIGH Medical High |sueepn  fms  [Tc (NvoLVING pED) TC Pedestrian TCPED
M3 |MASS CASUALTY INCIDENT MCI MC1 MS  [TRAUMATIC INJURIES Medical INJ
M3 |OVERDOSE/POISONING HIGH Medical High OOH MS  |[TRAUMATIC INJURIES NON EMD dical l2ing
M3 |PENETRATING WOUNDS HIGH Medical High PENETH M5 [UNCONSCIOUS/FAINT Medical UNCON
M3 |PREGNANCY/BIRTH/MISCARRIAGE HI Medical High PREGH Ms_ [UNKNOWN PROBLEM wedical UNKMED
M3 |SICK PERSON HIGH Medical High SICKH MS — [UNKNOWN PROBLEM NON EMD Medical ZUNK
M3 [STABBING HIGH Medical High STABH M7 [ABDOMINAL PAIN NO CODE Medical No Code BONC
M3 |STEMI TRANSPORT Ambulance Only STEMI M7 [ALLERGIES/ENVENOMATION NC Medical No Code  |ALLERGYNC
M3 [STROKE (CVA) HIGH dical High STROKEM M7 |ANIMAL BITES/ATTACKS NO CODE dical NoCode _ |BITENC
M3 |TRAUMA TRANSFER Ambulance Only mauma vz [ars still Alarm m
M3 [TRAUMATIC INJURIES HIGH Medical High |inum M7 [assauLt No coDE Medical No Code  |ASLTNC
MS__ |ABDOMINAL PAIN Medical |aBD M7 |ASSIST OTHER AGENCY MEDICAL dical [AQAMED |
MS  |ABDOMINAL PAIN NON EMD Medical |zag0 M7 [BACK PAIN NON TRAUMA NO CODE __[Medical NoCode  |BACKNC
MS  |ALLERGIES/ENVENOMATION NON EMD Medical ZALLERGY |M7  [BEMAVIORAL EMERGENCY NOCODE  [Medical NoCode  |BEHAVNC
MS  |ALLERGIES/ENVENOMATIONS dical ALLERGY  [M7  [BREATMING PROBLEMS NO CODE dical No Code |DIFBRENC
MS _ |AMBULANCE ONLY Ambulance Only amonLY  m7  [BURNS / EXPLOSIONS NO CODE Medical No Code  |BURNNC
MS _ |ANIMAL BITES/ATTACKS Medical BITE M7 [CARDIAC/RESP ARREST/DEATH NC Medical No Code __|NOTBRENC
MS__ |ANIMAL BITES/ATTACKS NON EMD Medical li_sn-e M7 |CHEST PAIN NON TRAUMA NO CODE dical No Code __|CPNC
MS  [assauLt Medical ASLY M7 [CHOXING NO CODE Medical No Code  |CHOKENC
MS  |ASSAULT NON EMD Medical zASLY M7 [CO/INMALATION/HAZMAT NO CODE _|Medical No Code  |[CONC
M5 |ASSIST OTHER AGENCY CST GRD Assist Other Agency |AOACG M7 [CONVULSIONS/SEIZURES NO CODE dical No Code __|SEIZNC
MS _ |BACK PAIN NON TRAUMA Medical BACK M7 [DIABETIC PROBLEMS NO CODE Medical No Code | DIABETNC
M5 BACK PAIN NON TRAUMA NON EMD Medical P&(K M7 F’WOWNING/DWING_/SCW NC Medical No Code DROWNNC
MS  |BEHAVIORAL EMERGENCY Medical BEHAV M7 [ELECTROCUTION/UGHTNING NC dical NoCode _ |ELECTNC
MS  |BEHAVIORAL EMERGENCY NON EMD Medical |zenav M7 [ENTRAPMENT NON VEMICLE NC Medical No Code  |ENTRAPNC
MS_ [BREATHING PROBLEMS Medical |oiFere M7 [EVE PROBLEMS/INJURIES NOCODE __ [Medical No Code  |EYENC
MS__ |BURNS / EXPLOSIONS Medical [BURN M7 [Faws NO cODE Medical No Code |FALLNC
MS___[BURNS / EXPLOSIONS NON EMD Medical |zeurn M7 [GuNsHOT NO CODE Medical No Code _|GUNNC
MS___|CHEST PAIN NON TRAUMA Medical c» M7 [HEADACHE NO CODE Medical No Code |HEADNC
MS  [CHOKING dical CHOKE M7 [HEART PROBLEM NO CODE dical NoCode _ |HEARTNC
MS_ |CHOKING NON EMD Medical High zcwoxe M7 [MEAT/COLD EXPOSURE NO CODE Medical No Code  |EXPOSANC
MS | CO / INHAL / HAZMAT NON EMD Medical zc0 M7 [HEMORRMAGE/LACERATIONS NO CODE [Medical No Code | BLEEDNC
MS | CO / INHALATION / HAZMAT Medical co M7 [JUVENILE BEHAVIORAL TRANSPORT _ [ambulance Only  |JBT
MS _ |CONVULSIONS/SEIZURES Medical SE1Z M7 |UFT AsSIST Public Service LA
MS  |CONVULSIONS/SEIZURES NON EMD dical zs€12 (M7 [08VIOUS OR EXPECTED DEATH dical NoCode __|0OA
MS _ [DIABETIC PROBLEMS dical DIABET  |mM7  |OVERDOSE/POISONING NO CODE dical No Code _ |ODNC
MS | DIABETIC PROBLEMS NON EMD Medical zowaser M7 [PENETRATING WOUNDS NO CODE Medical No Code  |PENETNC
M5 | DROWNING/DIVING/SCUBA Medical DROWN __ [M7  [PREG/BIRTH/MISCARRIAGE NO CODE__|Medical No Code |PREGNC
Ms | DROWNING/DIVING/SCUBA NON EMD Medical ZOROWN M7 [SICK PERSON NO CODE Medical No Code _ |SICKNC
MS  |ELECT/LIGHTNING NON EMD Medical ZELECT M7 [STABBING NO CODE Medical No Code I:suauc
MS  |ELECTROCUTION/LIGHTNING dical ELECT M7 [STROKE (CvA) NO CODE dical No Code _|STROKENC
MS  |ENTRAPMENT NON VEHICLE dical lentrap M7 [TRAUMATIC INJURIES NO CODE dical NoCode  |ININC
MS__ [ENTRAPMENT NON VEHICLE NON EMD Medical ZENTRAP M7 [UNCONSCIOUS/FAINT NO CODE Medical No Code  |UNCONNC
MS__ |EVE PROBLEMS/INJURIES Medical EYE (M7 [UNKNOWN PROBLEM NO CODE Medical No Code | UNKMEDN]
MS  |EVE PROBLEMS/INJURIES NON EMD dical ZEVE M7 |UNKNOWN PROBLEM NO EMD NO COD{Maedical No Code | ZUNKNC
Ms  [Faus Medical FALL
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Appendix B - Fire/EMS Public Safety Answering Point System of Systems
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Appendix C - Results of Location Allocation Models for Bike Sharing Stations in

Madrid

LR 3
— —

Minimize impedance (100 stations)

Maximize coverage (500 stations)

Maximize coverage (100 stations) Maximize coverage (300 stations)
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Appendix D - Methodology Flowchart for Analysis of Ventura County
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Appendix E - Average Nearest Neighbor Results Figure - Ventura County

Priority One Medical Incidents 2007-2017

Nearest Neighbor Ratio: 0.192508 Significance Level Critical Value
3 (pvalue) (7 score)
z-score: -222,342204 =m
00! gmm <-258
p-value: 0.000000 005 @ -258--1.96
010 = -1.96 - -1.65
- 3 165 - 1,65
010 3 1.65-1.96
005 WM 196-258
001 Wm >258

|
|

Significant

Random = Dispersed

Given the z-score of -222,34220426445515, there is a less than 1% likelihood that this
dustered pattern could be the result of random chance.

Average Nearest Neighbor Summary

Observed Mean Distance: 133.2535 US_Feet
Expected Mean Distance: 692.1960 US_Feet
Nearest Neighbor Ratio: 0.192508
z-score: -222.342204
p-value: 0.000000
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Appendix F - Optimized Hot Spot Analysis Results - Tables of Statistically

Significant Polygons (Page 1/4)

Table K-1 Cold Spots / Gi_Bin < 0 After FDR Correction

OID GiZScore GiPValue NN [Gi Bin| OID GiZScore GiPValue NN |Gi _Bin
218| -2.765142366| 0.005689796 29 -2 336| -2.522326491| 0.011658145 69 -1
333| -2.617259667| 0.008863888 33 -2 337| -2.416837492| 0.015656005 70 -1
334| -3.025903192| 0.002478917 40 -2 338| -2.325619839| 0.02003884 71 -1
379| -2.918937763| 0.003512263 47 -2 339| -2.411379882| 0.015892286 73 -1
381| -2.625199322| 0.008659826 71 -2 380| -2.310482469| 0.020861458 62 -1
382| -2.582547633| 0.009807382 75 -2 383| -2.356420074| 0.018452038 78 -1
774| -2.652188303| 0.007997193 58 -2 425| -2.27444011| 0.022939538 59 -1
779| -2.556566231| 0.010571095 92 -2 426| -2.328894843| 0.019864637 64 -1
40| -2.22866763| 0.025836028 27 -1 427| -2.308542489| 0.020968982 72 -1
41] -2.291386747| 0.021941055 21 -1 706| -2.39305174| 0.016708885 46 -1
60| -2.22100169| 0.026350847 28 -1 707| -2.272481104[ 0.023057468 70 -1
61| -2.498896285| 0.012458077 25 -1 743| -2.257533409| 0.023974764 43 -1
62| -2.347605201| 0.018894537 22 -1 747| -2.282169129| 0.022479357 86 -1
144 -2.222896106| 0.026222806 19 -1 749| -2.262923722| 0.023640392 100 -1
217| -2.515306001| 0.011892911 24 -1 778| -2.22365826| 0.026171446 82 -1
219| -2.257615494| 0.023969642 35 -1 806| -2.249088618| 0.024506859 42 -1
231| -2.47355204| 0.013377732 23 -1 812| -2.207172169| 0.027302033 79 -1
242| -2.319906508| 0.020345935 21 -1 813| -2.316275683| 0.020543221 83 -1
243| -2.540806586| 0.011059708 25 -1 814| -2.307999006| 0.020999192 85 -1
258| -2.347605201| 0.018894537 22 -1 849| -2.282371371| 0.022467424 73 -1
288| -2.458988018| 0.013932927 28 -1 852| -2.212722952| 0.026916752 75 -1
292| -2.244905052| 0.024774229 61 -1 853| -2.233196382| 0.025535997 71 -1
295| -2.188138115| 0.028659543 67 -1 883| -2.242504664| 0.024928774 68 -1
330] -2.509082035| 0.012104537 34 -1 884| -2.188138115| 0.028659543 67 -1
335| -2.217253532| 0.026605771 52 -1

111




Appendix F - Optimized Hot Spot Analysis Results - Tables of Statistically

Significant Polygons (Page 2/4)

Table K-2 Hot Spots / Gi_Bin = 1 After FDR Correction

OID Z-Score P-Value NN |Gi_Bin
302 [ 2.540953249| 0.01105507| 71 1
345 | 2.214793221| 0.026774261| 66 1
353 2.27314117] 0.023017674| 70 1
389 [ 2.523634286| 0.011614869| 72 1
439 | 2.506257768| 0.012201663| 78 1
446 | 2.498822059| 0.012460686| 63 1
481 | 2.261054136| 0.023755905| 77 1
506 2.32235857| 0.020213636| 64 1
566 | 2.307092381| 0.021049671| 66 1
569 | 2.470749333| 0.013483029| 91 1
570 | 2.379649599| 0.017329107| 91 1
587 | 2.471912309| 0.013439248| 66 1
659 | 2.340888937| 0.019237889| 77 1
688 | 2.238531098| 0.025186442| 76 1
694 | 2.483118163| 0.013023788| 75 1
696 | 2.211011392| 0.027035048| 93 1
735| 2.379147998| 0.017352707| 94 1
736 | 2.364940316| 0.018032977| 98 1
737 2.24656789| 0.024667656( 100 1
760 | 2.538677662| 0.011127229| 81 1
768 | 2.292975521| 0.021849414| 103 1
769 | 2.213381767| 0.026871337| 97 1
827 | 2.433393836| 0.014958021| 75 1
834 [ 2.523433396| 0.011621507| 99 1
835 [ 2.270798617| 0.023159172| 92 1
865 2.24865927| 0.024534182| 73 1
872 | 2.477237457] 0.013240378| 89 1
873 | 2.224647038| 0.026104942| 85 1
899 [ 2.368893987| 0.017841367| 78 1
900 | 2.340160724| 0.019275443| 75 1
924 | 2.440609502 0.0146625| 67 1
938 | 2.307531888| 0.021025187| 57 1
948 | 2.535914608| 0.011215408| 47 1
953 | 2.273285448| 0.023008984| 33 1
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Appendix F - Optimized Hot Spot Analysis Results - Tables of Statistically

Significant Polygons (Page 3/4)

Table K-3 Hot Spots / Gi_Bin = 2 After FDR Correction

OID Z-Score P-Value NN [Gi_Bin|| OID Z-Score P-Value NN [Gi_Bin
203 | 2.866096348( 0.004155677| 24 2 582 | 2.765302942| 0.005686995| 82 2
247 | 2.813644564[ 0.004898336| 49 2 584 | 3.219130601| 0.001285799| 79 2
255| 3.014531993| 0.002573761| 49 2 585| 3.102390122| 0.001919648| 77 2
267 | 3.108828948( 0.001878304| 59 2 586 | 2.655685817| 0.007914732| 71 2
268 2.79686896| 0.005160046| 62 2 608 | 2.766938704| 0.005658539| 79 2
300 | 2.809246542| 0.00496576| 65 2 625| 2.959880136( 0.003077588| 83 2
301 | 2.844150884| 0.004452996| 70 2 626 | 3.158373891| 0.001586519| 84 2
303 | 2.930764717| 0.003381288| 70 2 629 | 3.089119962( 0.002007504| 71 2
304 | 2.896426055| 0.003774396| 69 2 630 | 2.666733013| 0.007659249| 68 2
305| 2.604961148| 0.009188468| 68 2 660 | 3.181669872( 0.001464286| 80 2
327 3.20281751| 0.001360902| 63 2 664 3.1485723| 0.001640701| 73 2
346 | 2.912572517| 0.00358465| 69 2 665 | 2.713052101| 0.006666662| 71 2
347 2.78357261| 0.005376383| 73 2 689 | 2.778356354[ 0.005463466| 75 2
348 | 2.581407787| 0.009839827| 76 2 692 | 3.118890166[ 0.001815336| 76 2
349 2.68643308| 0.007221941| 76 2 693 | 2.989684743| 0.002792655| 75 2
350 | 2.955499268| 0.003121634| 75 2 722 | 2.754483306| 0.005878489| 71 2
351 | 2.742034705| 0.006105989| 76 2 725 3.04251684| 0.002346087| 75 2
352 | 2.632538255| 0.008474948| 73 2 726 | 2.737955338[ 0.006182247| 75 2
372 3.15154015| 0.001624118| 69 2 733 | 2.660868945[ 0.007793929| 82 2
390 | 2.657157575| 0.00788026| 77 2 734 | 2.806694761| 0.005005265| 87 2
391 2.72748572| 0.006381902| 79 2 752 | 2.962925906( 0.003047299| 73 2
392 3.00061942| 0.002694311| 80 2 761 | 2.959554867( 0.003080838| 86 2
393 | 3.088632269| 0.002010802| 79 2 762 | 3.132831917( 0.001731286| 89 2
394 | 3.067923005| 0.002155521| 78 2 763 | 2.794321543( 0.005200874| 95 2
395| 2.967530186| 0.003002028| 76 2 764 | 2.696971108| 0.006997334| 100 2
396 | 2.583799003| 0.009771872| 72 2 765| 2.627069745| 0.008612368| 103 2
414 | 2.751301642| 0.005935896( 76 2 792 | 2.742659944( 0.006094376| 79 2
440 | 2.648579751| 0.008083078[ 79 2 793 | 3.025164403[ 0.00248498| 83 2
441 | 3.082562579| 0.002052266( 79 2 797 | 2.886025884| 0.003901401| 104 2
442 | 3.146294323| 0.001653535( 79 2 798| 2.865587175| 0.004162367| 106 2
443 | 3.094701959| 0.001970108( 79 2 799 | 2.576503473| 0.00998052| 105 2
444 | 3.003819907| 0.002666131| 78 2 800 | 2.561819948| 0.010412528| 99 2
445 | 2.863398402| 0.004191232( 70 2 828 | 3.109876183| 0.001871658| 79 2
466 | 2.614757841| 0.008929074( 60 2 829 3.11708512| 0.001826488| 85 2
482 | 2.694004406| 0.007059923( 77 2 830 | 3.205675612| 0.001347458| 92 2
484 | 3.211559541| 0.001320166( 76 2 833 | 3.029996518| 0.002445566| 100 2
487 | 2.893196763| 0.003813423[ 69 2 866 | 2.715498391| 0.00661761| 77 2
498 | 3.163931675| 0.001556533| 93 2 867 | 2.948010269| 0.003198264| 83 2
499 3.05151014| 0.002276934| 91 2 869 | 3.244974563| 0.001174611| 90 2
518 2.64641483| 0.008134999| 74 2 870 | 3.121642314| 0.001798453| 93 2
519 | 3.033418148| 0.002418003| 70 2 871 | 2.658642536| 0.007845616| 91 2
543 | 3.040450249| 0.002362247| 78 2 898 | 2.805571867| 0.005022738| 83 2
544 | 3.144236217| 0.00166521| 78 2 923 | 2.757566485| 0.005823337| 69 2
545 | 2.787127845| 0.00531775| 74 2 937 | 2.868845188| 0.004119734| 58 2
567 | 3.236187103| 0.00121138| 50 2 947 | 2.694418468| 0.007051158| 47 2
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Appendix F - Optimized Hot Spot Analysis Results - Tables of Statistically

Significant Polygons (Page 4/4)

Table K-4 Hot Spots Gi_Bin = 3 After FDR Correction

OID Z-Score P-Value NN |Gi_Bin| OID Z-Score P-Value NN |Gi_Bin
202 | 3.614768819| 0.000300616| 25 405 [ 9.292868798 0| 65
212 | 3.289453029( 0.001003823| 32 406 | 7.452144558 0] 71

225| 4.283537606( 1.83945E-05| 33 407 6.50195144| 7.92847E-11| 74

226 | 5.416162432| 6.08918E-08[ 35 408 | 5.959595591| 2.52863E-09( 79

236 | 4.468068059| 7.89292E-06[ 35 409 | 5.663242313| 1.48539E-08| 83

237 | 5.376985058| 7.57435E-08| 36 410 | 5.105887533| 3.29245E-07( 86

238 | 5.874814601| 4.23317E-09| 40 411 | 4.740188509| 2.13519E-06| 89

250 3.59613536| 0.00032298( 22 412 4.03126111| 5.54784E-05( 86

251 | 5.113511001| 3.16225E-07| 36 413 [ 3.702873781| 0.000213171| 81

252 | 5.904038346| 3.5471E-09( 40 453 | 9.854955135 0] 51
253 | 7.341562537 0] 55 454 9.862419188 0| 56
254 | 7.011346928 0| 55 455| 8.851031716 0| 62
274 3.914864211| 9.04551E-05| 26 456 | 7.456186839 0] 69

275| 5.831172871| 5.50391E-09| 38 457 | 5.939128163| 2.86542E-09( 76

276 | 6.179608977| 6.42606E-10( 43 458 | 5.707211429| 1.14842E-08| 81

277 | 6.692988486| 2.18658E-11| 48 459 5.46932852| 4.51744E-08| 84

278 | 7.315940883 0] 53 460 | 4.472350283| 7.73646E-06 90

279 | 7.713104154 0| 63 461 [ 4.163216292| 3.13796E-05| 92

280 | 6.889314004| 5.60621E-12[ 65 462 | 3.459957207| 0.000540261( 93

281 | 6.544051989| 5.9874E-11| 65 463 3.53003707| 0.000415501| 87

282 | 6.002721355| 1.94037E-09( 61 483 | 3.381263817| 0.000721532( 75

283 5.24129811| 1.59451E-07| 59 485| 3.312892867| 0.000923363| 75

311 | 5.108611773| 3.24534E-07| 30 486 3.3153394| 0.000915319| 73

312 | 5.593177965| 2.22951E-08[ 33 493 | 9.019416344 0] 52

313 | 6.281652146| 3.34994E-10[ 39 494 | 5.603319672| 2.10285E-08| 75

314 | 6.703803135| 2.03064E-11| 45 495| 5.605907645| 2.07166E-08| 82

315| 7.223220165 0] 50 496 | 4.626845129| 3.71278E-06{ 90

316 | 7.072124353 0| 56 497 [ 4.234040307| 2.2953E-05| 92
317 | 9.018644444 0| 61 520 3.46194561| 0.000536286( 67
318 | 9.177499598 0| 67 521 | 3.703356168| 0.000212766| 64
319 | 9.150921095 0] 70 525 | 7.995024117 0] 49
320 | 8.166089735 0] 70 526 | 6.797207044| 1.06667E-11| 57
321 | 7.041019523 0] 711 527 6.122433952| 9.21566E-10( 65

322 | 6.779684229| 1.20439E-11| 71 528 | 4.642933505| 3.43497E-06( 84

323 | 6.244347071| 4.25574E-10[ 72 529 | 4.031753871| 5.53622E-05| 90

324 | 5.414707284| 6.1389E-08[ 72 530 | 3.568294568| 0.000359312| 92

325| 4.781734407| 1.73789E-06( 70 531 | 3.548463844| 0.000387485| 92

326 | 4.106925997| 4.0096E-05[ 66 583 | 3.395912906| 0.000684001| 80

358 | 6.551135559| 5.71012E-11| 40 627 | 3.303806554| 0.000953816| 81

359 | 6.912976088| 4.7459E-12[ 45 628 | 3.555298961| 0.00037755| 75

360 | 7.482264686 0] 50 661 | 3.378819191| 0.000727979| 81
361 | 8.640909154 0] 54 662 | 3.422465213| 0.00062056| 79
362 | 9.363463654 0| 62 663 | 3.664070926| 0.000248238| 75
363 | 9.377183901 0| 67 690 | 3.637659847| 0.000275126| 74
364 | 8.831865376 0] 69 691 | 3.692040859| 0.000222462| 75
365 | 7.919459466 0] 72 723 | 3.838068669| 0.000124006| 71

366 | 6.510722039| 7.47904E-11| 77 724 | 3.819023288| 0.000133981| 74

367 | 6.523385225| 6.8738E-11| 78 794 | 3.403422303| 0.000665473| 86

368 | 5.643971716( 1.66171E-08| 79 795| 3.352989563| 0.000799437( 92

369 | 5.167189826| 2.3764E-07( 80 796 | 3.275852838| 0.001053434| 97

370 | 4.366301992| 1.26368E-05[ 79 831 | 3.282113318| 0.001030322| 98

371 | 3.734595479| 0.000188017( 74 832 | 3.450194427| 0.000560183| 99
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402 | 7.502281365 0] 49 868 | 3.345018693| 0.00082277| 86
403 9.5242888 0] 54 936 | 3.737294938| 0.000186011| 56
404 | 9.853544116 0] 59 946 | 3.625784446| 0.000288086( 44
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Appendix G - Additional Optimized Hot Spot Analysis Cluster Maps

M Cold Spot - 99% Confidence

M Cold Spot - 95% Confidence
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Appendix H - Computer Hardware Specification

OMEN by HP - 17t Laptop
*Intel® Core™ i7-7700HQ (2.8 GHz, up to 3.8 GHz, 6 MB cache, 4 cores)
+ NVIDIA® GeForce® GTX 1070 (8 GB GDDR5 dedicated)
*17.3" diagonal 4K IPS anti-glare WLED-backlit (3840 x 2160)
*32 GB DDR4-2400 SDRAM (2 x 16 GB)
*1 TB 7200 rpm SATA; 512 GB PCle® NVMe™ M.2 SSD
+8-cell 86 Wh Lithium-ion Battery
*Intel® 802.11b/g/n/ac (2x2) Wi-Fi® and Bluetooth® 4.2 Combo

*HP Wide Vision HD Camera and dual array digital microphone with
1 Thunderbolt™ 3

*Full-size island-style backlit keyboard with numeric keypad

*Windows 10 Pro 64
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Appendix | - Table of Location Allocation Results Ventura County

Priority One Medical Incidents - Facilities Chosen

ID Demands Longitude Latitude
386 621| -119.29514716 34 29999343
388 1834| -119 26640524 34 27358919
390 287| -119.28014942 34 43223536
391 448| -119.26046809 34 44162373
393 2371| -119.21240228 34 26534667
395 594| -119.19486124 34 18640599
398 630| -119.17717571 34 21905548
409 416| -119.12658904 34 26799465
413 995| -119.07136035 34 35035504
415 1542| -119.05069138 34 22358906
416 93| -119.06283271 34 16472738
418 1054| -118.98917531 34 22568561
420 136/ -118.99465125 34 26375351
421 778| -118.94412247 34 17931710
424 522| -118.91776546 34.39618077
428 646| -118.88209574 34 27892115
429 1383| -118.67595068 34.18121340
431 1021| -118.86831655 34.21804158
437 901| -118.82281076 34 16094507
439 480| -118.79634487 34 27399641
440 62| -118.79457658 34 41540748
442 968| -118.77885606 34.27171865
444 269| -118.77548245 34 17923328
448 1273| -118.73051684 34 27898248
450 598| -118.66199600 34 27172925
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