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Exploring the System Dynamics of Covid-19 in
Emergency Medical Services

Muhammad K. Ali

ABSTRACT

Emergency Medical Services (EMS) are essential to the healthcare system as they
maximize the overall expected survival probability of patients. During the COVID19 pandemic, peoples’ lifestyle changed and their decisions to seek medical
assistance were mixed with fear. Similarly, EMS systems needed to take extra
precautions in terms of personal protective equipment protocols. These changes
created variability in both demand levels and the response times. In this context,
this research presents descriptive and predictive analysis to fully explore the Covid19 impact on EMS in Lebanon. The descriptive analysis focuses on the changes in
call volumes and response times during the COVID-19 pandemic compared to
both other countries and previous years. Results show that the number of calls and
number of missions dropped yet, the emergency response time was higher and
more variable than in previous years. The predictive analysis yielded a model of
response times for emergency missions through machine learning, specifically
using a random forest algorithm. The value in building a predictive model of
response time lies in identifying the most influential predictors of response times
such as team utilization, case severity, COVID-19 patients, and roadway distance.
Furthermore, the model allows for the identification of the variables that influence
response time across different segments of the emergency response process:
dispatch, wheeling, and roadway times. As a whole, this work supports EMS
operations through the identification of managerial levers that have a direct
influence on response time.

Keywords: Emergency Medical Services, Data Analytics, Operations Management,
COVID-19, Machine Learning, Random Forests
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Chapter One
Introduction and background
Emergency Medical Services (EMS) providers are the first line responders to out-ofhospital medical emergencies. EMS respond to thousands of calls each day, caring
for patients in difficult, unpredictable, and challenging environments through all
hours of the day and night. Emergency medical situations involve ailments such as
injuries, infections, and chronic conditions. To improve survival probability, control
mortality and morbidity, and prevent disability, EMS provide rapid assessment,
timely medical intervention, and transportation to the nearest hospital by the best
feasible methods (Kobusingye et al., 2006). Among the major EMS management
concerns is the emergency response time which plays an important role in the
patients’ survival probability.
For that, since the 1960s, operations research scientists, EMS planners, and
health care practitioners investigated various challenges in the management of EMS
systems and highlighted the necessity and sensitivity of decision making. Among
these decisions is the placement of EMS capabilities in the field. This led to an early
and robust EMS management focus on spatial planning and team allocations to
decrease response times and provide essential services to all emergency cases at
the right time (Mayer, 1979).
In disasters and public health situations, EMS play an important role by
assisting with health care, public health, and public safety. EMS are the initial
responders and are at a high risk of injury and death in such scenarios. For example,
during the SARS outbreak in Toronto, Canada, in 2003, more than half of the 850
paramedics, that responded to the survey, were infected with SARS and placed in
quarantine, while others got SARS-like symptoms. This incident resulted in a
significant reduction in their workforces, which had a negative impact on the local
health-care system by limiting its capacity (Alwidyan, Oteir, & Trainor, 2020).
The World Health Organization (WHO) declared COVID-19 a pandemic, on
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March 11, 2020 (WHO World Health Organization, 2020). Consequently, Emergency
Medical Services (EMS) in different communities experienced varied utilization rates
during the early stages of the pandemic. France (Penverne, Jenvrin, & Montassier,
2020), Copenhagen (Jensen et al., 2020), and Saudi Arabia (Al-Wathinani et al.,
2021), experienced an increase in call volume while others experienced a decrease
in call volume such as the United States (Lerner, Newgard, & Mann, 2020), Ontario
– Canada (Ferron, Agarwal, Cooper, & Munkley, 2021), and Finland (Laukkanen et
al., 2021). Although EMS communities engage in preparedness training for
pandemics and disaster response, the exact protocols required to effectively
respond to COVID-19 while minimizing contagion were unanticipated. As a result,
the primary service level indicator in EMS – the response time – was generally
longer in communities around the world. Furthermore, as EMS interface with the
public, they were subject to the compound impacts of lockdowns and the public’s
fear of accessing medical intervention making operational decisions for effective
service provision even more difficult. For example, a study performed in Canada
indicated that overall EMS missions decreased, with a particular drop in motorcycle
accidents. On the other hand, the cases of people experiencing overdoses increased
(Ferron et al., 2021). Similarly, a study performed in the United States found that
the volume of calls decreased, but the severity of incidents increased (Lerner et al.,
2020).
These examples indicate the need to dig deeper into the differential impact
of COVID-19 on EMS systems to identify operational strategies to improve service
provision. The abruption of EMS systems in times of COVID-19, in terms of
preparedness and response time, provides a great chance to explore and
understand EMS system dynamics in “high alert cases”. This understanding can help
create a baseline from which to enhance EMS systems and develop proper resource
allocation strategies for efficient services in times of high public needs.
As in many developing countries, multiple ambulance agencies exist in
Lebanon. The provider supporting this study, the Lebanese Red Cross (LRC), is the
largest, most well-known among those providers and is officially mandated by the
Ministry of Health in Lebanon (El-Jardali F, 2017). The role of this agency in
maximizing the overall expected survival probability of the patients is well
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recognized within the healthcare system in Lebanon.
It is important to note that the Lebanese health ecosystem had weathered
consecutive crises in Lebanon across the study period. Starting with the Port of
Beirut explosion on August 4, 2020, compounded by the economic crisis with an
annual inflation rate increase of 133 percent by November 2020, during the height
of the pandemic. To exacerbate this challenge, the Port of Beirut explosion
destroyed the storage warehouse of all national medical supplies as well as the
infrastructure of several hospitals (El Sayed, 2020). This deepened crisis increased
poverty levels in Lebanon and placed higher demand for an efficient and wellprepared EMS system in Lebanon.
With the first COVID-19 case detected in Lebanon on February 21, 2020
(Koweyes, Salloum, Haidar, Merhi, & Tokajian, 2021), the directors of the EMS
developed internal policies to protect their personnel when transporting or dealing
with a COVID-19 suspected patient. Such policies included the integration of
protocols for personal protective equipment (PPE). While the PPE improved the
service safety of the EMS provider, it affected the service speed by introducing a
delay in response.
To learn about the dynamics introduced by COVID-19 pandemic, this study
examines the effect of the pandemic on the response times; exploring what
operational levers EMS systems may have to enact to avoid significant degradations
of service in Lebanon. We first conducted a descriptive study on the LRC
performance during the pandemic and then developed a machine learning
algorithm to predict LRC response time to emergency missions and study the effect
of operational decisions on LRC response times.
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Chapter Two
Literature Review
With the rapid spread of COVID-19, healthcare systems worldwide tried to slow
down the rate at which the virus spread through the population. Governments
made efforts to control the demand for healthcare systems to avoid exceeding
capacities. In the popular press, this message was known as an attempt to "flatten
the curve." Certain social patterns emerged as communities began to apply social
distancing measures such as "stay-at-home" and to message the concept that we
need to work together to minimize the spread of the virus and lower the strain on
the health-care system.
These governmental and social efforts resulted in positive impacts on some
communities. For example, in the United States, patient visits to emergency
departments decreased by 1.3 million (Lerner et al., 2020). Lerner et al. (2020)
conducted a descriptive statistical study on EMS data from the National Emergency
Medical Services Information System (NEMSIS) revealing that there was a dramatic
decline in the number of emergency medical care responses across the United
States in the early stages of the COVID-19 outbreak. During the same period, the
rate of emergency medical services responding to death cases increased, but the
rate of emergency medical services related to patient injury declined.
In this review, we review published statements about call volume changes,
response time changes, and operational implications for EMS during the first year of
the COVID-19 pandemic.
2.1 Call Volume Changes during COVID -19
In Niagara, Ontario-Canada, the frequency of EMS calls per person per year
significantly decreased in 2020 compared to the 2016–2019 period. However, EMS
cases increased for several disease categories and among those are cases related to
cardiovascular complications (Ferron et al., 2021). Other communities experienced
similar outcomes. Cardiac arrest cases almost tripled in New York (Lai et al., 2020)
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and doubled in Italy (Perlini et al., 2020). It is believed that the increase in cardiac
arrest cases is due to people waiting too long before seeking care as a result of their
fear of accessing medical services. Ferron et al. (2021) found that emergency cases
related to motor vehicles crashes had the greatest reduction in call volumes among
all other determinants. People have been less likely to be involved in vehicle
accidents because they commuted and traveled less frequently as the government
urged citizens to stay at home. A study conducted in Michigan, USA, looked at the
impact of shelter-in-place orders on orthopedic trauma and discovered that motor
vehicle accidents dropped by 17% in March 2020 compared to March 2019 (Stoker
et al., 2020). Even though Ontario did not issue a shelter-in-place order, individuals
were advised to stay at home, which explains why the number of motor vehicles
crashes decreased.
On the other hand, several studies indicated an increase in the number of
EMS calls. For example, three days after reporting Italy's first COVID-19 case, the
call traffic to Emilia Est Dispatch Center tripled (Semeraro et al., 2020). In the first
five weeks of the COVID-19 outbreak, EMS calls increased by 440 percent in
northern Italy (Leidi, Rouyer, Marti, Reny, & Grosgurin, 2020). Lombardy in Italy,
known as COVID-19 Ground Zero in Europe, experienced the worst EMS calls
increase where it rose fivefold compared to normal levels (Ciminelli & GarciaMandicó, 2020).
EMS calls rose by 330 percent in Catalonia, Spain, during the month of
March 2020, with historic numbers exceeding 40,000 on three pandemic peak days
(Rudilosso et al., 2020). Non-emergency calls to a COVID-19-dedicated "help line"
got 2500 calls per day in Lausanne, Switzerland, compared to 800 calls to their
standard dispatch center line (Dami & Berthoz, 2020).
2.2 Response Time Changes during COVID-19
In terms of response time, in Tijuana, Mexico, the average response time (RT) of
ambulances to arrive at scene increased from 16.4 minutes in 2019 to 20.5 minutes
during the COVID-19 peak. The average RT to life-threatening medical cases
increased from 6.5 minutes pre-COVID to 9.5 minutes and 11 minutes in Manhattan
and the Bronx, respectively (Friedman et al., 2020). Also, in Lebanon, EMS response
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time generally increased with a high level of variability surrounding the increase in
response time (Ali, Srour, Badr, & Tarhini, 2022).
With the variability in EMS demand during COVID-19 in different parts of the
world, it is important to understand EMS behavior and look on how to control and
reduce response times in such unprecedented times to increase patient’s survival
probability.
The delays in response times during COVID-19 are due to factors that can be
classified as EMS, social, and patient related factors.
EMS influencers include the risk of COVID-19 exposure. One clear fact is that
EMS personnel are at a high risk of exposure to COVID-19 (Murphy et al., 2020),
which results with losing staff due to infection (Abdelaziz et al., 2020). The increase
in out of hospital cardiac arrest events in COVID-19 patients, for example, increased
the need for aerosol-generating CPR, putting EMS personnel at risk of exposure (Al
Amiry & Maguire, 2021; Mahmud et al.). EMS employees are susceptible to COVID19 and may experience mortality, illness, sick leave, or extended quarantine, all of
which contribute to staff shortages and add to the strain on already overburdened
EMS services (Dami & Berthoz, 2020).
A second factor within the EMS domain is a lack of available ambulances,
which not only stems from the high volume of EMS calls, but also the need to
prepare for the next call. Ambulances can act as disease carriers (Makiela, TaylorRobinson, Weber, & Maguire, 2016). As a result, once a vehicle has been exposed to
a potentially contagious patient, it must be disinfected, causing further delays and
strain on already stretched EMS resources (Avery & Bloom, 2020).
Social related factors were reflected in global supply chain disruptions and
particularly in the medical supply chains. The disruption resulted in a lack of
resources and medical supplies which had a severe impact on countries with
inadequate healthcare infrastructure and limited resources (Pramesh & Badwe,
2020).
Finally, patient related factors included patients’ attitudes about seeking
medical help. Many people were hesitant to call 911 or seek medical help during
the pandemic because they were afraid of contracting the virus which worsened
their case at the time of the EMS request (Abdelaziz et al., 2020; Dami & Berthoz,
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2020; Friedman et al., 2020).
As an approach to control and reduce response times, operation researchers
focused on developing models to support decision making for EMS to respond to
calls as efficiently as possible (Andersson, Granberg, Christiansen, Aartun, & Leknes,
2020). Predictive and prescriptive models were used to understand EMS
performance and what decisions they might adopt in case of certain events
occurring.
2.3 EMS Modeling
The use of models in the EMS domain is not new. In general, the models prevailing
in the literature fall along the three established lines of strategic, tactical, and
operational. Some of the earliest papers focused on the strategic domain examining
the implications of station location or ambulance fleet size. For example, Savas
(1969) was one of the first to use computer simulation to examine the effects of
changing the number and location of ambulances on EMS in New York. More
recently, Aringhieri, Carello, and Morale (2007) used static deterministic integer
linear programming models to find optimal post locations in the Milano (Italy) city
area, and then validated the proposed solutions using a simulation framework.
At the tactical level, research tends to revolve around the allocation of
ambulances to stations or the scheduling of crews. For example, Ingolfsson, Erkut,
and Budge (2003) used a discrete simulation model to estimate the impact of
several changes on Edmonton EMS operations, such as different shift scheduling
and the use of a single start station where ambulances would begin and end their
shifts instead of a multiple start system. Silva and Pinto (2010) used a simulation
model deployed in ARENA Software to examine scenarios of increased demand and
analyze the number of ambulances needed at each station in the EMS of Belo
Horizonte, Brazil.
At the operational level, decisions include the daily placement of
ambulances in the field or the assignment of specific ambulances to calls as they
arrive. In this vein, Koch and Weigl (2003) developed a model that analyzes the
transport logistics of the Austrian Red Cross rescue organization and compares the
alternative of decentralized planning with central coordination. In the context of
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Covid-19, researchers rapidly turned their attention to the operational level within
EMS with several strategies being proposed to lower the dispatch time needed by
EMS providers. The most popular solution was to assign special COVID-19 EMS
phone numbers (Jensen et al., 2020); studies show that this helped to alleviate the
massive demand on the main EMS phone number (Dami & Berthoz, 2020; Jaffe et
al., 2020). Other proposals included EMS screening for probable infections, a webbased self-triage system, improving the EMS's phone answering capacity, and
introducing a “Chatbot” that can recognize COVID-19-related phrases (Jensen et al.,
2020; Semeraro et al., 2020).
All mathematical models and management approaches developed by
researchers are to ultimately support EMS providers in their decision-making
process with the aim of improving services. As inputs to these decision support
models, uncertain input is often required – such as the call volumes or expected
response times given network conditions. For this, the domain of predictive
analytics reveals additional studies in the EMS field. For example, Nuntalid and
Richards (2020) conducted a machine learning approach to predict the demand on
helicopter ambulance response based on EMS data by St John New Zealand. A
Random Forest method was used and showed promising results against other
methods. Similarly, Setzler, Saydam, and Park (2009) performed a comparative
study on EMS call volume predictions between artificial neural network methods
and current industry practice.
In our study, we first performed a descriptive study on the performance of
the LRC and then adopt a Random Forest model to forecast the response time of
emergency missions and conclude with levers that would support the LRC in
reducing their response time to missions.
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Chapter Three
Descriptive Analysis and Results1
To proceed with this study, data was collected from the systems of the LRC.
The data was subsequently cleaned and analyzed through a combination of tools
such as PowerBi, Tableau, and Excel. The following subsections provide details on
the data collected, the collection process, and the analysis process.
3.1 Data collection
Our study of the performance of the EMS in Lebanon is based on the data
provided by the Lebanese Red Cross. The provider implemented a synchronized
mission tracking system in 2015 to record data on all missions performed across all
of their stations in Lebanon (Tarhini, Balozain, & Srour, 2021). Data enters the
system via the call center where a trained agent logs the mission information
following established protocols. The call-taker enters call and mission information
into a rule-based engine for triage to a recommended response level. Then, based
on parameters collected on the location of the patient, correlated with information
on the availability of ambulances, a team is assigned to the mission. All timestamps
for the mission from “Call Arrived” through to “Unit Available” along with the chief
complaint of the case are directly recorded by the assigned personnel through
synchronized electronic devices.
3.2 Data description
Our study is based on three datasets. The first is EMS data collected from
the major EMS in Lebanon (the LRC) covering all emergency and transport missions,

1

This chapter is largely based on: Ali, M. K., Srour, F. J., Badr, N. G., & Tarhini, A.
(2022). Exploring the System Dynamics of COVID-19 and Reconfiguration of
Emergency Medical Services. Paper presented at the ITM Web of
Conferences.
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across Lebanon, received by the central dispatch center from January 2018 through
October 2021. These datasets have, in each row, one mission served by the EMS.
Each mission is described by variables in the columns including the case number,
the responding station, responding ambulance vehicle, dispatch type based on the
system recommended triage level (Emergency Levels 1, 2, and 3, transport, and high
priority transport), chief complaints, mission creation date and time, and arrival to
case date and time. These data serve to derive the volume of EMS missions
performed every week and to investigate the effect of COVID-19 on the volume and
response times of the missions (Fig. 1). Missions related to the Port of Beirut
explosion on August 4, 2020, are removed from the response data due to the high
volume of missions in an anomalous and extreme situation. An auxiliary dataset
includes the daily number of available EMS teams on duty for the years 2020 and
2021.
The second dataset is a list of governmental COVID-19 precautions and
incidents that occurred in Lebanon during the period January 2020 to February
2021. An overlay of this data set in Fig. 1 shows the potential effect of the
precautions made on the EMS response (Koweyes et al., 2021; Project Hope, 2021).

Figure 1: Weekly EMS missions 2018-2021
The third dataset is the COVID-19 daily new cases in Lebanon as retrieved

10

from the Johns Hopkins Coronavirus Resource Center. This dataset serves to
illuminate the EMS mission variations compared to the spread of COVID-19 in
Lebanon (Dong, Du, & Gardner, 2020).

Figure 2: Weekly New COVID-19 Cases in Lebanon
3.3 Data analysis
We centered our data analysis on three key axes:
1. Weekly Mission Activity
2. Resource Management (Ambulance & Teams)
3. Response Time
3.3.1 Weekly mission activity
We inspected the weekly mission activity by the EMS provider in the years
2018 to 2021. Weekly EMS missions are graphed for 2018-2021 (Fig. 1) and then
juxtaposed with a time account of weekly New COVID-19 Cases (Fig. 2). We then
compiled the number of emergency (Fig. 4) and transport missions (Fig. 5) for each
week from 2018 through 2021 and overlaid COVID-19 and non-COVID-19 cases in
the years 2020 and 2021. The intent is to identify a potential correlation between
the two data sets.
3.3.2 Resource management
In EMS response, the key to proper service provision is to have the “right”
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number of teams on duty and the resources required such as ambulances and other
required accessories, to accommodate the level of demand. The LRC had conceived
their prehospital care services response as an ecosystem of ambulances,
equipment, and trained responders designated as “Response Teams”. Before the
pandemic, in 2018 and 2019, weekly EMS missions varied between 1481 and 2092.
The number of available teams was around 75 teams a day.
3.3.3 Response time
In EMS, response time (RT) is the primary service level indicator used around
the world (Al-Shaqsi, 2010). While there is much debate about the validity of this
indicator, it does map well to the expectations of the end-user: an individual who
wants care quickly.
While we investigated the overall RT from “Call Received” to “Arrival at
Case”, we also segmented RT into three-time intervals (Fig. 3), to examine the
potential levers available to EMS providers relative to this metric:
1. RT1: Dispatch time - “Call Received” to “Station Notified”; the time from the
case creation to the time the station/ambulance was notified, this interval
would be most influenced by the number of ambulances available.
2. RT2: Wheeling time - “Station Notified” to “Departure to Case” the time
from the notification of the station/ambulance to the departure of the
ambulance, influenced by the donning of PPE (an internal protocol
influenced by training).
3. RT3: Roadway Time - “Departure to Case” to “Arrival at Case” the time from
the departure of the ambulance to the arrival to the case, accounting for
external factors from roadway conditions that are expected to vary as a
function of lockdown periods.

Figure 3: Response time interval
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3.4 Data reporting errors and anomalies
The recording of the “Arrival to Case” and “Case Creation” timestamps
occurs through the synchronized data management system at the LRC. This data
management system relies on multiple personnel interfacing with the system
through both the computers at the dispatch center and hand-held electronic
devices in the field.
As a result, 3 types of data errors have been identified:
1. Synchronization errors whereby the multiple devices are not properly
referenced to the same “standard” clock;
2. Human errors due to the high-intensity environment in which the personnel
work; and
3. EMS system availability problems – for instance, the sudden drop in missions
in the 44th week is due to a system crash, as reported by the EMS
personnel, consistent with the abnormal reporting (Figures 3 & 4).
Data entry errors manifest in three types of data abnormalities:
1. No data on the “Arrival to a Case” due to human error or to the nature of
the case (e.g. ambulance already on the scene during events), making the
calculation of response time impossible, one can note that this error rate
decreases over the years as the personnel became more familiar with the
system;
2. “Arrival to Case” timestamps occur more than 6 hours after the mission was
assigned to an ambulance due to human error or extreme latency on the
network making the response time illogically long. The noticeable increase in
these errors, however relatively still in small numbers, is likely due to COVID19 cases that require more coordination with the hospitals to handle.
3. “Arrival to Case” time stamps occur before the departure to mission
timestamps due to improper system clock synchronization, yielding negative
response times, these errors were reduced due to improvements in the
technology used.
Table 1 provides a summary table of the missions that were filtered out through this
process.
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Table 1: Filtered-out Raw Data and Response Times (RT)

Period

Total

(1)

(2) Missions

Missions

with RT

Missions without

more than 6

RT

hours

(3) Missions
with
negative RT

Remaining
Missions:
RT between
0 - 6 hrs

Percentage
Filteredout

2018

88,612

16,405

24

1,184

70,999

19.88%

2019

96,327

14,025

11

861

81,430

15.47%

2020

88,362

8,624

33

2,003

77,702

12.06%

2021

84,339

6,700

46

461

77,132

8.55%

3.5 Analysis Insights
3.5.1 Weekly mission activity
Upon inspection of the weekly mission activity by the EMS provider in the
years 2018 to 2021 (Fig. 1), we find a strong correlation with historical events in the
country (Table 2), the spread of the pandemic (Fig. 2) and observe the following:
•

2018 and 2019 show a slight increase in weekly missions with a small
increase timed with protests on October 17, 2019, which could be explained
by a spike in demand for the resources of the EMS provider.

•

The first COVID-19 case was detected on Feb 21, 2020. Weekly missions
dropped significantly from 2085 to 1227, leading to the lowest number of
EMS missions in a week from 2018 to 2021. Emergency missions were low as
the number of confirmed COVID-19 cases was still low and panic followed by
a lockdown, kept people in their homes. Then COVID-19-related emergency
missions began to rise again in May 2020 with the ease of the lockdown and
the spread of the pandemic.

•

In 2020, weekly missions were at around 1700 missions per week until the
end of 2020 except for a reported EMS system crash that caused a reporting
error.

•

Jan - Feb 2021 saw a sudden increase of COVID-19 cases, followed by a
lockdown. This translated into a record number of missions (2315), then
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back to an average of 1800 missions/week with a significant variability (1700
- 2100).
We compile the number of emergency (Fig. 3) and transport missions (Fig. 5)
for each week (2018 – 2021) and overlay COVID-19 and non-COVID-19 cases in the
years 2020 and 2021. The intent is to identify a potential correlation between the
two data sets. A key observation here is that the weekly variability of EMS
emergency missions follows the variation pattern of COVID-19 cases (Fig. 4) while
transport missions seemed loosely correlated (Fig. 5) – as it is apparent that the LRC
treated COVID-19 cases more as emergency missions, especially in time of the surge
in the spread of the pandemic.
Table 2: Weekly Mission Activity
Period
(Week)

Reported Weekly Mission Activity

Potentially Related Events

Oct - 2019
(Week 94)

Spike in demand on the resources of the
EMS provider

Protests on October 17, 2019

Feb - 2020
(Week 112)

Missions were at 2100 per week

1st COVID-19 Case Detected (Panic) Feb 21st
2020

Feb - 2020
(Week 113)
Mar - 2020
(Week 116)

Missions dropped from 2085 to 1227 per
week (emergency missions dropped from
around 1400 missions to around 1000
missions)

May - 2020
(Week 136)

Missions surged back to 1950 within 3
weeks

Ease of Lockdown

Aug - 2020
(Week 136)

Spike in demand on the resources of the
EMS provider

Aug 4th, 2020 - Port of Beirut explosion

Oct - 2020
(Week 146)

Reporting error

Reported EMS system crash

Jan - Feb 2021
(Week 158)

Highest number of missions is 2315 – Then
back to an average of 1800 missions/week
with a significant variability (1700 - 2100).

A sudden increase in COVID-19 cases, followed
by a lockdown

15

Universities and Schools closure Feb 28th 2020
Nationwide Mobilization (2-week closure of
Port and Airport)

Figure 4: Weekly Emergency Missions for 2020 and 2021 – COVID-19 and NonCOVID-19 Cases

Figure 5: Weekly Transportation Missions for 2020 and 2021
3.5.2 Resource Management
As expected, the demand increased during the pandemic. What is more
remarkable is that the variability in demand was undoubtedly illustrative of
significant difficulty in planning. Fig. 5 shows the variation of weekly missions (left
vertical axis) plotted against the number of available teams (right vertical axis), also
summarized in Table 3. Before the pandemic, in 2018 and 2019, weekly EMS
missions varied between 1481 and 2092. The number of available teams was
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around 75 teams a day.
In 2020 and 2021, the variation in weekly demand significantly increased to
a range between 1227 and 2315 missions (Fig. 6).
In the early stages of COVID-19, the number of available teams dipped to
almost 50 teams per day, as the EMS provider was ramping up resources to respond
to the pandemic with the provisioning of PPE and adjustments to protocols.
Table 3: Variation of Weekly EMS Missions and Availability of Teams

2018 - 2019

Weekly EMS
Missions
1481 - 2092

2020 - 2021

1227 - 2315

Period

Resources Available (Teams)
75 (Prior to COVID-19)
Availability dipped to 50 at first
Increased to 130 by mid-July
2020 then normalized to 85
(during COVID-19)

In response to these fluctuations, the LRC increased the number of daily
available teams to almost 130 by mid-July 2020 (132nd week) as evidenced by the
bar chart at the bottom of Fig. 6.
After this significant increase, the level of on-duty teams normalized to 85 to
meet the new levels of EMS demand.

Figure 6: Variation of Weekly Missions and Available Teams
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3.5.3 Response Time
To get a clear indication of the transient fluctuations in actual RT, we plotted
RT for the emergency missions only as box and whisker plots across 2018 and 2021.
This is to show the spread and centers of the data set.
The box plot in Fig. 7 shows a clear change of RT for emergency missions
overall between Sep 2020 and Apr 2021 and again a small variation in Aug 2021 –
this correlates with a spike in COVID-19 cases in Lebanon (Fig. 2).

Figure 7: RT box and whisker plot: 2018-2021 – All Emergency Missions: (a) 2018;
(b) 2019; (c) 2020; (d) 2021
Among the emergency COVID-19 related missions, this RT variation is more
evident in 2020, at the early stages of the pandemic (Fig. 8).
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Figure 8: RT box and whisker plot for Emergency COVID-19 Missions: (a) 2020; (b)
2021
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Figure 9: Median of Segmented Weekly RT of Emergency Missions 2018-2021: (a)
Total Emergency Missions; (b) non-COVID-19 Emergency Missions; (c) COVID-19
Emergency Missions
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Furthermore, as indicated in the previous section, we segmented the RT into
three-time intervals:
RT1 – Dispatch Time: “Call Received” to “Station Notified”
RT2 – Wheeling Time: “Station Notified” to “Departure to Case”
RT3 – Roadway Time: “Departure to Case” to “Arrival at Case” the time from
the departure of the ambulance to the arrival to the case.
The visuals in Fig. 8 tell the story of how the variability in dispatch and
wheeling time seems to correlate with the variation of COVID-19 cases, while
roadway time seems to be less evident.
Until Public Protests Oct 2019, the median response times across all three
segments are very consistent with the variation entirely due to external, roadway
effects on roadway time.
At the start of the protests, dispatch time increased due to a sudden
increase in the number of missions and the initial limited capacity of the EMS
provider.
Similarly, in the early stages of COVID-19, the increase in wheeling time was
largely due to the imposed PPE levels where COVID-19 cases require a longer
preparation procedure. While dispatch time returned to levels comparable to the
pre-pandemic, wheeling time, which includes the added preparatory time for
departure has remained higher than what it was pre-pandemic. By increasing the
number of teams on duty, the Lebanese Red Cross eventually controlled the
variations in response times in 2021.
3.6 Conclusion
COVID-19 impacted everybody and especially emergency medical services.
With varied EMS call volumes and unexpected protection measures required to
respond to COVID-19 cases, the response time of EMS was generally longer than in
the years preceding COVID-19 (Al-Wathinani et al., 2021; Jensen et al., 2020;
Penverne et al., 2020). In Lebanon, the EMS suffered similarly, yet also had to
contend with the consecutive crises occurring in the country (El Sayed, 2020).
In the early COVID-19 stages in Lebanon, the number of weekly missions
significantly dropped by around 40%. This observation is in line with the impact
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seen on the EMS in Pennsylvania (Satty, Ramgopal, Elmer, Mosesso, & Martin-Gill,
2021). However, in general, mixed results in the literature appear across different
EMS communities. The drop in EMS missions in Lebanon, followed by a drop in the
available EMS teams, increased the median response time. The increase in response
time is due to internal factors, where the time to allocate available
stations/ambulances increased.
After the drop of EMS missions in the early COVID-19 stages in Lebanon, the
number of weekly missions changed relative to the number of weekly COVID-19
cases. EMS resources were needed to adapt to life under the pandemic, adopt new
protocols and retool to respond.
Missions dropped at the start of the forced lockdown then surged when the
lockdown eased. The EMS had to increase the available teams by more than 50%
within a few weeks. As COVID-19 infections continued to rise to reach a plateau
between 7000 - 12000 weekly cases, the EMS resources had to almost double to
keep up with demand to 130 teams. As they learned new skills and adapted to new
protocols, they became more efficient – evidenced by the fact that in 2021, the
number of COVID-19 cases spiked to 34000 weekly, far exceeding the levels of 2020
but the number of available teams on duty was adapted to 85 teams.
Further, the peak across 2018 to 2021 in weekly EMS missions is observed in
early 2021 with the peak of COVID-19 weekly missions, as shown in Fig. 1. The
increase of COVID-19 cases along with the wide variation in EMS missions increased
in response times since the LRC internal response was delayed compared to
previous years, faced by the disruption of the pandemic. The delay was more likely
due to the allocation of available teams and team preparations before the mission.
The LRC partially controlled the delay by increasing the number of daily available
teams and maintained a stabilized response time in terms of internal and external
factors in late 2021. With that, the LRC was able to recover response times of
missions comparable to pre-pandemic levels after a transient variability lasting
about 18 months.

22

Table 4: Summary of RT, emergency missions, resource availability, and
events

Period
2018 Oct
2019
Jan
2020 Feb
2020

Mar20

RT COVID19
Missions
(Min.)
N/A

N/A

60-175
(Average)
Median =
25

RT NonRT
Resource
COVID- Emergency
Availability
19
Missions
(EMS
Missions (Average in
Teams)
(Min.)
Min.)
N/A

10-12

14-17

12-14

14

17

May20

July
2020 Dec
2020

2021

90-50
(Average)
Median =
75

20-25
(Average)
Median =
25

15-12

15-12

Weekly
Missions

Events &
External
Factors

≈14812092

Prior to
COVID-19

75

≈2100

50

Drop from
≈2085 to
1227
(Emergenc
y missions
drop by
400)

First COVID19 case
recorded Feb
21st

85

Surged to
1950
within 3
weeks

Increase to
130 and
back to 85

≈15001900

85

Peak at
2315
(Weekly
Record)
then back
to
≈1800/we
ek with
significant
variability
(17002100)

75

22

12
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Nationwide
Mobilization
(2 week
closure of
Port and
Airport)
Ease of
Lockdown
and COVID19 cases rose
to ≈12000
COVID-19
cases rise to
reach a
plateau
between
≈7000 12000 weekly
Number of
COVID-19
cases spike to
≈34000
weekly, far
exceeded
those of 2020
but the
number of
teams on
duty was
increased.

Chapter Four
Predictive Analysis and Results
As noticed in Chapter 3, EMS demand and response times faced high
variability during the COVID-19 pandemic. As such, this period creates a unique
opportunity to model the impact of various factors on response time – for example,
roadway conditions saw more variability than usual as did staffing levels. Such a
model that is calibrated over such variable input data should be more robust than
one built over a more limited range of input. The resulting model for the prediction
of EMS response times can support the identification of operational levers to
improve response times in both normal and abnormal situations. In this chapter, we
describe the random forest model that served to predict response times.
4.1 Random Forest Algorithm
The Random Forest algorithm was first introduced by Breiman (2001). It is a
supervised machine learning algorithm that solves classification and regression
problems. It works by creating a collection of decision trees from a multitude of
small samples taken from the larger training data set along with a subset of
variables taken from the broader set of variables, and outputs the final prediction
using the majority vote across the trees for classification and the average for
regression. Among the important characteristics of the Random Forest Algorithm is
that it can handle data sets with both continuous and categorical variables. Also,
Random Forest models have a reduced risk of overfitting when compared to
decision trees as they rely on a robust number of decision trees. The averaging of
uncorrelated trees lowers the overall variance and prediction error and thus
eliminates the overfitting issue.
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Figure 10: Random Forests Decision Trees (Goyal, 2021)
4.2 Data Cleaning and Filtering
The data preparation was done and random forest models were built using
the R language through RStudio (Allaire, 2012). The data available covers the years
2018 through 2021. We focused our study on Beirut/Mount Lebanon Stations 101,
102, 103, 104 and on years 2020 and 2021 as they include the highest data with the
GPS locations. Before 2020, GPS data was not recorded. Through 2020 and 2021,
the Beirut/Mount Lebanon stations are the ones with the most GPS location
records. We also filtered-out cases with negative response times and response
times exceeding 4 hours.
Within this sample of EMS calls, we included variables relative to the call,
relative to the LRC capacity at the time of the call, external factors prevailing at the
time of the call and the target variable of response time. To benefit from the GPS
location stamps as an influencing variable, we calculated the roadway distance for
each of our missions and included it in our machine learning analysis. Specifically,
we considered the variables in Table 5 as the relevant variables to our RT prediction
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Table 5: Variables for Response Time Prediction
Variables
Time of call receival (Day,
Week, Month)

Description
Date and time as recorded by
EMS

PPE levels adopted by the EMS

Assumed different levels for
COVID-19 and non-COVID-19
cases

EMS Data

As recorded by EMS - grouping
of relatively similar complaints &
disease

EMS Data

Dispatch Type

As recorded by EMS (Level 1,
Level2, Level 3)

EMS Data

Arrival to case latitude and
longitude

As recorded by EMS

EMS Data

Site notified latitude and
longitude

As recorded by EMS

EMS Data

Calculated based on site and
arrival GPS location stamps

EMS Data

Calculated from EMS data as
pending calls on the system

EMS Data

Regional level of utilization at
moment of call

Calculated as busyness of EMS
teams

EMS Data

Weather Data

Humidity level - Temperature Rainy/Sunny

Extracted from
online weather
data repositories

Call
Specific
Chief complaint and Disease
Variables

Roadway distance from site
System notified to arrival to case
Level
Variables Volume of calls in the system

Developed 4 indicator levels
based on typical traffic volume
Binary Indicator

External
Traffic Data
Variables
Pandemic Indicator
Lockdown Indicator

Binary Indicator

Source
EMS Data

Based on Google
Maps
WHO (2020)
Koweyes et al.
(2021)

The case creation date and time are of high importance as the frequency of
cases depends on the time and day of the week. For that, we split the case creation
date and time into three variables, week of the year, day of the week, and hour of
the day to see the influence of each on the response times.
Dispatch type includes emergency missions and transport cases. Transport
cases involve home to hospital for routine procedures, hospital to home, and inbetween hospital transportation. Thus, transport cases have an overall longer
response time compared to emergency cases due to the nature of the missions.
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Accordingly, we focus our study in this section on the emergency missions
only since the response times for those missions are within the same range.
Emergency dispatch types include “Emergency Level 1” with the highest priority,
“Emergency Level 2”, and “Emergency Level 3”.
In order to support the functioning of the Random Forest algorithm, we
grouped the patient disease cases based on the chief complaints. This had the effect
of reducing the possible categories from 58 categories to 13. The resulting chief
complaint field included the following possibilities:
•

Chest pain / Cardiac

•

Trauma / Accidents

•

Respiratory

•

Neuro

•

Bleeding (Non-Traumatic)

•

Thermo-Regulation

•

Head (Non-Traumatic)

•

Pain

•

Dead

•

Pregnancy / OB problems

•

COVID-19

•

Infections/Bacteria

•

Other
We calculated the team utilization as the number of cases pending in the

system (in Beirut) divided by the number of teams on duty. For the study, we
assumed 2 teams are on duty in each station and in each shift. Thus, the utilization
is the number of pending cases divided by 8.
We added the lockdown indicator as recorded by Koweyes et al. (2021). The
indicator is a binary variable with “1” indicating a lockdown and “0” indicating
normal conditions.
For traffic estimation, since we do not have available traffic data in Lebanon,
we imposed a typical-traffic level from “1” to “4” based on google maps typical
traffic and experience; where “1” indicates the least congestion and “4” indicates
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the highest as shown in Table 5. In days of lockdown, we assumed a level 1 for the
entire period.
Table 6: Typical-traffic Levels
Time Range
07:00-10:00
10:00-12:00
12:00-14:00
14:00-16:00
16:00-18:00
18:00-20:00
20:00-22:00
22:00-00:00
00:00-07:00

Typical
2
3
3
4
4
2
1
1
1

Since we are studying the 2020 and 2021 periods, we omitted the pandemic
indicator as both are years of COVID-19. We included the PPE time following a
rough estimation made relative to the different PPE protocols in place throughout
the pandemic. Prior to September 2020, we assumed a value of 15 minutes for the
intermediate PPE and 20 minutes for the advanced PPE levels (COVID-19 cases).
After September 2020, we assumed 10 minutes for the intermediate PPE and 15
minutes for the advanced PPE levels.
Finally, we included weather related measures for Beirut in the study period.
Specifically, we examined, temperature, wind speed, wind direction, humidity, and
cloud cover. Table 7 summarizes the list of assumptions made in our predictor
variables.
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Table 7: List of assumptions for predictor variables
Variable
Case Creation Date and Time

Dispatch Type

Assumption
Split into day of week, hour of
day, and week of year
Considered Emergency
Missions only

Rationale
To provide better indication
on the influence on response
times
A different protocol is
followed for transportation
missions response
Decreased the number of

Chief Complaint / Disease
Case

Grouped into similar

disease categories from 58 to

categories

13 by combining similar
diseases together

Assumed 2 teams/shift/station
for a total of 8 teams.
Calculated at the moment of
Team Utilization

call arrival by looking at the

This assumption is made due

number of active cases in the

to missing data

system and dividing by the
assumed number of teams on
duty in the system.
Traffic Level

Assumed a 4 levels typical

No traffic data is available for

traffic indicator

Lebanon

4.3 Random Forest Predictions
We built the random forest prediction models in R using the “randomForest”
and “MASS” libraries (Liaw & Wiener, 2002). The training data includes a random
sample of 80% of the data in hand and the testing data includes the remaining 20%.
To check the model accuracy, we calculated the mean square error (MSE) between
the predicted response times and the response times in our testing data. The
random forest algorithm is tuned by adjusting two parameters: “mtry” and “ntree”:
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•

mtry: The number of variables randomly sampled as candidates at each split.

•

ntree: The number of trees to grow
We manually performed the Random Forests tuning. For each model, we set

“mtry” as the square root of the number of variables considered. Theoretically, with
the increase of the “ntree” value, the accuracy of the model increases. However,
the increase in accuracy is on computational cost and is minimal after a certain
“ntree” value. For that, we first assumed “ntree” as 500. Then, we started
decreasing the value of “ntree” while holding “mtry” constant to reach an “ntree”
value of 200. This value was set through all models and provided the models with
highest accuracy along with logical computational time.
In terms of model predictors, we started with the ones mentioned in Table
8, and to improve the model we modified the predictors’ selection as in section
4.3.1. To improve the model further, we developed a model for each of the
response time segments (Dispatch, Wheeling, and Roadway) and assigned
predictors to each as in section 4.3.2.
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4.3.1 Preliminary Predictions
The preliminary random forest models included all of the variables specified
in section 4.2. and summarized in Table 8.
Table 8: Variables for Preliminary Predictions
S.N.

Variables

1

Team Utilization

2

Dispatch Type

3

Day of Week

4

Week

5

Hour of Day

6

Traffic

7

Lockdown Indicator
Disease Categories

8

Disease Integer Encoded
Disease one-hot encoded

11

Temp C

12

Humidity

13

Cloud cover

14

Wind Gust Kmph

15

Wind Direction Degree

16

Wind Speed Kmph

17

Visibility

The number of observations was 56,874 and the model error was found to
be around 1 hour. Upon inspection, we found that the weather-related metrics
were driving the model outcome. This is largely due to the tie between the winter
months and the increased number of COVID-19 cases in Lebanon. As such, we
omitted the weather data from our model to avoid duplicating variables. With that
modeling choice, our error decreased to around 17 minutes.
To reduce the response time errors further, we experimented with the
handling of the disease categories: as a one-column variable and as a series of
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“dummy” variables as in the one-hot encoding strategy (Brownlee, 2020). Both
trials did not affect the error much. In contrast, omitting the disease categories and
relying on the dispatch type emergency levels to indicate the severity of our case
impacted the error levels. We did however leave the COVID-19 disease category
binary coded as a separate variable to capture COVID-19 and non-COVID-19 cases.
With that, we lowered our error to around 15 minutes.
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Table 9: Summary of Variable Adjustments
Variables

Action

Rationale

Team Utilization

-

-

Dispatch Type

-

-

Day of Week

-

-

Week

-

-

Hour of Day

-

-

Traffic

-

-

Lockdown Indicator

-

-

Disease Categories

Omitted

Completed trials for
each, and kept only

Disease Integer
Encoded

Omitted

the COVID-19
category binary
encoded; disease
categories dropped

Disease one-hot

as their influence is

encoded

already represented
in the mission
Omitted

dispatch type

Temp C

Omitted

Humidity

Omitted

Masks the strength

Cloud Cover

Omitted

of other predictors

Wind Gust Kmph

Omitted

due to coincidence

Wind Direction Degree

Omitted

of Covid-19 and the

Wind Speed Kmph

Omitted

winter weather.

Visibility

Omitted

Table 10 provides a summary of the error reduction details with the
correction steps.
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Table 10: Model Iterations
Iterations

Error

Error Correction Steps

1st Iteration

58 minutes

Omit Part of Weather Data

2nd Iteration

30 minutes

Omit all Weather Data
Experiment with Disease

3rd Iteration

17 minutes

Categories
Omit disease category except

4th Iteration

17 minutes

COVID-19 and rely on
emergency levels

5th Iteration

15 minutes

-

4.3.2 Final Predictions
Previously, we divided the response time into three intervals (Chapter 3):
dispatch, wheeling, and roadway times. We observe that the roadway distance that
affects the roadway time but does not affect the dispatch or the wheeling times –
indicating that some variables affect certain categories in the RT but not the others,
therefore affect the prediction. To address this, we isolated the RT prediction of
each category by itself and then summed the individual times rather than predicting
the entire RT as one unit. PPE and COVID-19 related variables affect the wheeling
time but not the roadway time. Table 11 includes the final list of variables in our RF
predictions. The day of week and hour of day involve peak times on the EMS
demand which reflect people’s lifestyles. For example, people are prone to injuries
during daytime rather than nighttime (at which they sleep). For that, day of the
week and hour of the day variables influence all different segments of the response
time along with the severity of the case. Team utilization reflects how busy the
teams on duty are which when high imposes delays on dispatch, wheeling, and
roadway response times. How far the patient is from the ambulance is the roadway
distance and it is the main variable affecting the roadway response time. On days of
lockdown, traffic congestion is lower and thus influences the roadway response.
Also, in times of lockdown, cases such as car accidents and sports injuries are low
while COVID-19 cases are high which alters the dispatch procedure where
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ambulances need to be disinfected before reusage. COVID-19 patient requests
affect the dispatch where a team capable of responding to COVID-19 cases is
required along with a prolonged wheeling procedure due to PPE requirement.
Table 11: Variable Assignments
Variable
Day of Week
Hour of Day
Dispatch Type
Team Utilization
Roadway Distance
Lockdown Indicator
COVID-19

Assignment
Dispatch, Wheeling, & Roadway
Dispatch, Wheeling, & Roadway
Dispatch, Wheeling, & Roadway
Dispatch, Wheeling, & Roadway
Roadway
Dispatch & Roadway
Dispatch & Wheeling

The RT divisions reduced our observed variables to 29,068 cases since we
filtered out negative response times within each RT segment as well as the overall
RT. Furthermore, the upper bound for filtering was set at 30 minutes, for the
dispatch and wheeling times and 60 minutes for the roadway.
4.3.2.1 Dispatch Time Prediction
The error in our dispatch time prediction is around 5 minutes. After
calibration, “ntree” is set at 200 and “mtry” at 2. Figures 11 and 12 represent the
MSE results and variable importance from the RF simulation.

Figure 11: Dispatch Time Prediction MSE Plot
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Figure 12: Dispatch Time Prediction Variable Importance
Figure 12 shows that team utilization and hour of day variables have the
highest influence. This reflects real life conditions since dispatch is based on
available teams and the hour of the day represents the business of the day. Day of
week indicates the fluctuations during the week based on people’s lifestyles. The
Lockdown indicator and COVID-19 almost have the same influence as lockdowns
were set on times with high COVID-19 daily confirmed cases. COVID-19 cases
require disinfecting ambulances after usage and thus delaying the time at which
ambulances get ready. With COVID-19 having an influence, dispatch type has a
lower impact as teams need less time get ready for a new mission after finishing a
non-COVID-19 one.
4.3.2.2 Wheeling Time Prediction
The error in our wheeling time prediction is around 3.40 minutes. After
calibration, “ntree” is set at 200 and “mtry” at 2. Figures 13 and 14 represent the
MSE results and variable importance from the RF simulation.
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Figure 13: Wheeling Time Prediction MSE Plot

Figure 14: Wheeling Time Prediction Variable Importance
Figure 14 reveals that COVID-19 is the variable with the highest influence
which complies with what LRC faced where COVID-19 cases had additional times
due to the PPE protocols. Hour of day and team utilization also have high influence
as they represent the volume of calls (peak and off-peak times) and the workload of
the teams. Day of week represents the variation in demands on different days.
Finally, the dispatch type has the least influence since the added PPE time is due to
COVID-19 cases rather than the level of emergency.
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4.3.2.2 Roadway Time Prediction
The error in our roadway time prediction is around 6 minutes. After
calibration, “ntree” is set at 200 and “mtry” at 2. Figures 15 and 16 represent the
variable importance and MSE results from the RF simulation.

Figure 15: MSE Plot for Roadway Time Prediction

Figure 16: Roadway Time Prediction Variable Importance
For the roadway time predictions, road distance is the variable with the
highest influence as it indicates how far the patient is from the ambulance starting
point. Hour of day and day of week have relatively low influence but indicate the
traffic congestion on the roads. Dispatch type mission has minimal influence as the
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roadway is irrelevant from the case condition. The lockdown indicator should
influence traffic congestion, but since on some days of lockdown vehicles were
allowed during the day, the indicator did not have an influence on roadway time.
4.3.2.2 Total Response Time Prediction
After developing the algorithm for predicting the subcategories' response
times, the total predicted response time is the sum of each. The error is around 8.5
minutes compared to around 15 minutes when predicting the total response time
as one unit. Among the three categories, the road response time has the highest
error which could be reduced by calculating the shortest roadway distance between
the GPS location stamps rather than the geodesic distance. Table 12 summarizes
the error in all our models to track the improvement of response time prediction.
Table 12: Models Error Summary
Iterations

Error

Total RT

15 minutes

Dispatch Time

5.5 minutes

Wheeling Time 3.4 minutes
Roadway Time

6 minutes

RT Model Sum

8.5 minutes

4.4 Validation
While the predicted response times in the final model show an acceptable level of
error (8.5 minutes), it is interesting to also examine the distribution of the predicted
response times against the actual response times. Figures 16, 17, 18, and 19 show
the frequency distribution of the actual and predicted dispatch, wheeling, roadway,
and total response times, respectively. It is noticed that the models are able to
predict the majority of the actual response times with the bulk of the prediction in
the middle range of the response times. The model fails at predicting the low and
high response times which could be improved by training the model over time with
actual data from the field.
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Figure 17: Actual vs. Predicted Dispatch Response Time

Figure 18: Actual vs. Predicted Wheeling Response Time

Figure 19: Actual vs. Predicted Roadway Response Time
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Figure 20: Actual vs. Predicted Total Response Time
4.5 Conclusion
The predictive analytics work in this chapter reveals that team utilization is
among the main predictors in terms of dispatch and wheeling response times. The
metric represents how busy the teams are and accordingly how fast they are
available to respond to new missions. The hour of the day also reflects the peak
times of EMS calls and thus adds a strain on the team utilization. The COVID-19
predictor influences the wheeling response time as it requires PPE levels that
require extra time in which the team gets ready. The roadway response time
represents the highest time interval in the total response time as it is dependent on
the roadway distance. The only way to decrease the roadway distance is by having
specific locations for teams and ambulances away from the dispatch centers but
close to areas with high EMS demand. In such scenarios, the roadway distance will
be considerably reduced and thus the response time will likely decrease as well.
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Chapter Five
Discussion and Conclusion
This study shows that while Lebanon is unique in the confluence of crises
that struck during the pandemic, the EMS provider in this study, the LRC, had an
experience consistent with many other communities around the globe. Specifically,
the descriptive analysis shows that the call volumes initially decreased and then
followed spikes commensurate with peaks in the number of Covid-19 cases; the
response times increased at the onset of the pandemic and have remained higher
than the comparative pre-pandemic period of 2018.
As illustrated in Fig. 1, the peak in weekly EMS missions from 2018 to 2021
occurs in early 2021, coinciding with the high in COVID-19 weekly missions. The rise
in COVID-19 cases with the variation of EMS missions, resulted in longer response
times, as the LRC's internal response was delayed compared to previous years due
to the pandemic's disruption. The delay was caused by the allocation of available
teams and team preparations. In late 2021, the LRC managed to reduce the delay by
expanding the number of daily available teams and maintaining a stable response
time in terms of internal and external factors. This shows that the increase in the
number of teams correlates with response time which supports the fact that team
utilization is among the RT controlling factors.
This study also serves to dissect the drivers of the response time fluctuations
during the pandemic via the use of machine learning. Specifically, the number of
teams on duty (affecting the team utilization), the PPE time, and the ambulance
starting point serve as internal predictors for response time while external
predictors include variables such as patient condition, patient location, and traffic
congestion. Furthermore, by segmenting the response time into the dispatch,
wheeling, and roadway elements, this study reveals the differential impact of these
predictors on the full response time – with team utilization and Covid-19 protocols
impacting the dispatch and wheeling times and roadway distance impacting the
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roadway time. Based on this breakdown of influencers, this work lays the
foundation for future simulation-based studies examining operational policies and
procedures that can serve to shorten response times.
The model developed is based on Beirut region and tackles emergency
missions only for the years 2020 and 2021. The number of daily available teams is
assumed as 2 per station per shift due to missing data on the exact number of
teams in our study period. Also, the roadway distance is calculated as the geodesic
distance while assigning traffic typical levels due to unavailable traffic data in
Lebanon.
One use of this predictive model would be to quantify gains in the response
time stemming from an increase in the number of teams on duty. Another use
would be to specify ambulance parking locations near known call “hotspots” away
from stations in order to influence the roadway distance to emergencies. By using
these revised roadway distances along with the call specifications, the predictive
model can give a more accurate assessment of the overall policy impact on
response times.
This research reveals the importance of designing a robust service system
with operational levers that can be adjusted to respond to dynamic situations. The
results of our study reveal consistency around the world in the impact that the
Covid-19 shock had on EMS systems. Through predictive analysis, this work points
the way to future simulations that can help EMS providers identify operational
strategies that can rapidly respond to system shocks. Through the early detection of
increases in variability of demand and response times, EMS capacities and response
strategies can be readily adjusted to accommodate for the change.
Finally, our model accuracy might be further improved by feeding it with the
exact number of available teams along with the shortest distance (considering
traffic). Also, as time pass, LRC will respond to more missions and with more data
the accuracy increases. Other machine learning algorithm could be tested and
compared to our model results.
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