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Abstract
Objective: To determine the effect of increased emergency vehicle numbers on response time
performance for priority 1 incidents in an urban Emergency Medical Services system using
discrete-event computer simulation.
Method: A simulation model was created, based on input data from part of the Emergency
Medical Services operations in Cape Town. Two different versions of the model were used,
one with primary response vehicles and ambulances and one with only ambulances. In both
cases the models were run in seven different scenarios. The first scenario used the actual
number of emergency vehicles in the real system and in each subsequent scenario vehicle
numbers were increased by adding the baseline number to the cumulative total.
Results: The model using only ambulances had shorter response times and a greater number
of responses meeting national response time targets than models using primary response
vehicles and ambulances. In both cases an improvement in response times and the number of
responses meeting national response time targets was observed with the first incremental
addition of vehicles. After this the improvements rapidly diminished and eventually became
negligible with each successive increase in vehicle numbers. The national response time
target for urban areas was never met, even with a seven-fold increase in vehicle numbers.
Conclusion: This study showed that the addition of emergency vehicles to an urban
Emergency Medical Services system improves response times in priority 1 incidents but
alone is not capable of the magnitude of response time improvement needed to meet the
national response time targets.
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Introduction
Access to emergency care, including that delivered outside of the hospital, is guaranteed for
all South Africans under Section 27 of the Constitution.[1] A logical component of this notion
of access to emergency care is that the care provided should be timely, as determined by a
patient’s acuity.[2] Indeed timeliness of care goes beyond access to health care; it has also
been identified as an important dimension of health care quality. [3]
Although questions remain about the impact of Emergency Medical Services (EMS) response
times on patient outcomes in a range of high acuity conditions, response time is still viewed
in most EMS systems as a key performance indicator,[4,5] expressed through response time
targets. In South Africa, national response time targets exist and are used as a standard
against which to measure the performance of EMS provided by the Provinces: in urban areas,
90% of high acuity (Priority 1, P1) incidents should be responded to within 15 minutes and
all other incidents should be responded to within 60 minutes.[6–8] In this context, response
time refers to the time interval between receipt of a call for emergency assistance at an
emergency dispatch centre and arrival of the first EMS vehicle at the corresponding incident
location.
Annual reports published by Provincial Departments of Health detail their compliance with
the response time targets. Review of these annual reports for three Provinces with the largest
urban centres (Gauteng, Western Cape and KwaZulu-Natal) over the last two years shows
that none of them have met the targets, although some have shown more recent
improvement.[6–8] Others have regressed in their ability to provide timely emergency care,[7]
and the reason most often cited for this situation is the lack of operational vehicle numbers.[6–
8]
Many services supplement ambulances (which carry patients) with primary response
vehicles (PRVs), which deliver providers to the patient, to help meet targets. There is a
common perception in EMS that there is a more or less inverse linear relationship between
vehicle numbers and response times, and that meeting the response time targets would be
greatly aided by buying more vehicles.
We undertook a study to determine the effect of increased numbers of ambulances and PRVs
on response time performance in P1 incidents using a discrete-event simulation model of
operations in a large urban South African EMS system.
Methods
The simulation model was based on input data from the modelled system’s operations and
Computer Aided Dispatch system, and was validated against a set of response data from the
same system. A number of different scenarios were then constructed with increasing
ambulance and PRV numbers, using the validated simulation model and its outputs to
determine the effect of increased vehicle numbers on response time performance.
The Modelled EMS System: Cape Town
Cape Town’s EMS system, serving a population of approximately 3.74 million people,[9] is
geographically divided into six sectors, each one of which is associated with the drainage
area of a Provincial hospital. Public requests for medical emergency assistance are received at
an Emergency Control Centre where caller and incident details are recorded, the incident is
prioritised and an appropriately staffed emergency vehicle from the sector in which the
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incident has occurred is dispatched. Incidents are classified as P1 or Priority 2 (P2) which are
high and lower acuity respectively.
Emergency vehicles consist mainly of ambulances, which may be either Advanced Life
Support (ALS) or non-ALS (ALS means that the ambulance is staffed by at least one ALS
paramedic). Non-transport PRVs staffed by an ALS paramedic or doctor are also used,
however there are few of these in the system and they are only dispatched to major incidents
(a small subset of P1 incidents).
The Emergency Response Interval
The total time interval required for servicing an emergency incident is referred to as the
Emergency Response Interval, [10] in turn broken up into a number of other intervals the first
of which is the response interval. The response interval begins from the time when an
incident is created at the Emergency Call Centre following receipt of a call for emergency
assistance and ends when the first emergency vehicle arrives at the location of the
corresponding incident. The response interval is therefore made up of two parts, one devoted
to call taking and dispatch activities in the Emergency Control Centre and one to travel of an
emergency vehicle from an originating point to the incident location.[10]
The response interval is followed by the scene interval, transport interval and post-incident
interval. The term “response time” typically refers to the elapsed time of the response
interval as defined above and forms the major focus of this study.[10]
The Simulation Model
Simulation modelling followed the Banks step-wise approach[11]: conceptual modelling, EMS
system input data collection and modelling, model translation and verification, and
validation. The conceptual model, a high-level software independent description of the
system, was derived from observation of the real system and system documents, and
information obtained from system experts. This was followed by extraction of Computer
Aided Dispatch data spanning the period 1 January to 31 December 2012. Only data from
four of the six sectors representing an urban environment were used, comprising 312,387
incidents. These four sectors corresponded with the drainage areas of Groote Schuur, GF
Jooste, Tygerberg and Victoria hospitals.
Computer Aided Dispatch data were used to establish statistical probability distributions for
incidents occurrence rates, dispatching times and scene times for P1 and P2 incidents.
Incident geographic co-ordinates were used, in conjunction with a Geographic Information
System application, to determine geospatial distribution of incidents in the four sectors.
System documents and information from system experts were used to record the geographic
locations of EMS bases and emergency vehicle holding points as well the numbers of
ambulances and PRVs available under typical operating conditions.
Vehicle dispatch policies and procedures comprised an important part of the conceptual
model. Triage category (P1 or P2), type of vehicle (ambulance or PRV), type of ambulance
(ALS or non-ALS) and distance from the incident to the closest available ambulance were all
reflected in the dispatch logic of the conceptual model as they were implemented in the real
system. Although only response times for P1 cases were included in this study, the
conceptual model took into account incident occurrence rates, spatial distribution and
dispatching of vehicles to P1 and P2 incidents.
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The conceptual model and EMS system input data were translated into a computer software
representation using an object-orientated simulation software application (Simio Design
Edition, Version 6.97, Simio LLC, USA). Verification of the simulation model was
conducted throughout the translation process by assessing data outputs of the model and by
using model animation and debugging tools in order to ensure that emergency vehicle and
other behaviour was in keeping with processes described in the conceptual model. Once
completed, the model was validated by comparing its outputs during 15 replications of seven
days of simulated operations with a random sample of real system data. Comparative analysis
of these data showed that, with regard to response, scene and transport intervals, percentage
differences between model and real data ranged between 0.59% and 1.31%. These
differences were considered to be small enough to be of no practical significance and thus the
model was considered a valid representation of the system, for the purpose of this study.[12]
Addition of Vehicles
The effect of adding vehicles to the simulated system was assessed by creating seven
different scenarios in two categories. The first category included both ambulances and PRVs,
as in the real system. Scenario 1 was configured with the baseline number of ambulances and
PRVs existing in the validated model. Each subsequent scenario (2-7) involved adding the
baseline number of vehicles to the cumulative number of vehicles each time.
The second category was identical except it included only ambulances in the model. This was
done in order to assess any difference between response time performance with ambulances
and PRVs versus only ambulances, as the number of PRVs was small (at baseline, only one
per sector).
Process logic was incorporated into the model to automatically place the additional
emergency vehicles with each scenario at EMS bases and holding points with the greatest
demand so as to make the best use of these resources. Each scenario was run for 15
repetitions of the simulation equivalent of seven days.
Data Recording and Analysis
Response time was measured in a way identical to that described for the response interval
above. An important component of the response time, called the waiting time, was also
recorded for each response. Waiting time was defined and measured as the time interval
between an incident in the Emergency Control Centre dispatch process being ready for
allocation to a vehicle and the vehicle accepting the incident and beginning its response.
Waiting time varies with vehicle availability – it may be short or non-existent under
conditions of high vehicle availability or moderate to long when vehicle availability is low.
Data on emergency vehicle availability in the modelled system as whole were also recorded.
All data were written to and stored in a spread sheet application with each replication of the
simulation. Data analysis was descriptive in nature, with all response times reported as the
mean over 15 replication for each scenario and associated 95% confidence intervals. STATA
(version 13.0, Stata Corporation, Texas, USA) was used for data analysis.
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Results
Scenarios and Vehicle Numbers
Vehicle numbers for the seven scenarios are shown in Table 1. PRV and ambulance numbers
were increased sequentially by the baseline (scenario 1) number in each successive scenario.
For the model with only ambulances, one ALS ambulance per sector was added to the
baseline number in order to compensate for the removal of the same number of PRVs.
Table 1: Vehicle Numbers in Simulation Scenarios
Scenario
1
2
3
4
5
6
7

Model Category
Ambulances and PRVs
PRV
AMB
4
49
8
98
12
147
16
196
20
245
24
294
28
343

Ambulances
AMB
53
106
159
212
265
318
371

PRV = primary response vehicle, AMB = ambulance
Mean Response Times
Mean response times and 95% confidence intervals for each scenario and both models are
shown in Figure 1.
The simulation model with only ambulances produced the better baseline response time
performance (shorter mean response time in scenario 1). In both models, the first iteration of
increased vehicle numbers (scenario 2) produced a 35.9% – 26.9% decrease in mean response
time; this was followed by incrementally smaller decreases with an eventual plateauing.
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Figure 1: Mean Response Times for Both Models
Error bars indicate 95% confidence intervals

Percentage of Responses Meeting Targets
Figure 2 shows the mean percentage of responses meeting the response time target in each
scenario.
The model with ambulances only had a better baseline performance against the target; a
similar pattern was observed to Figure 1, with an initial 14.2% – 17.0% increase in
performance in scenario 2, followed by a progressive flattening out up to and including
scenario 7. The target of 90% of responses within 15 minutes was not achieved despite a
150% increase in vehicles.
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Figure 2: Mean Percentage of Responses Meeting the Response Benchmark Target
Error bars indicate 95% confidence intervals

The Waiting Time and Vehicle Availability
The mean waiting time for each scenario was measured, along with mean vehicle availability,
and are shown in Table 2 for each of the models.
Table 2: Mean Waiting Time and Availability: PRVs and Ambulances
Scenario
1
2
3
4
5
6
7

Ambulances and PRVs
Waiting Time
Availability (%)
(min) (95% CI)
(95% CI)
24.88
2.30
(24.52;25.23)
(2.06;2.54)
75.05
0.12
(74.74;75.36)
(0.09;0.16)
124.18
0.03
(123.88;124.47)
(0.01;0.05)
173.20
0.01
(172.91;173.49)
(-0.01;0.02)
222.19
0.01
(221.92;222.46)
(0.00;0.02)
271.49
0.01
(271.16;271.81)
(-0.01;0.02)
320.28
0.01
(320.03;320.53)
(0.00;0.02)

Ambulances
Waiting Time
Availability (%)
(min) (95% CI)
(95% CI)
29.09
0.96
(28.76;29.41)
(0.79;1.13)
82.88
0.03
(82.54;83.21)
(0.01;0.06)
136.14
0.01
(135.92;136.37)
(0.00;0.01)
189.15
0.01
(188.93;189.37)
(0.00;0.02)
242.07
0.00
(241.83;242.31)
295.15
0.01
(294.88;295.42)
(-0.01;0.02)
348.21
0.00
(347.91;348.50)
-

95% CI = 95% confidence interval
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At baseline there was a longer mean waiting time with ambulances and PRVs; however in
both models there was a rapid decrease with the first incremental increase in vehicle
numbers, followed by a series of smaller decreases with each successive addition of vehicles.
Vehicle availability increased in a linear fashion and did not display the same pattern of
change over the scenarios. This linear increase in vehicle availability across scenarios with a
limited initial improvement in response time performance indicates a high degree of vehicle
redundancy from scenario 1 to scenario 7.
Discussion
Providing timely access to EMS in South Africa remains elusive, in both urban and rural
environments. Research into the functioning of real EMS systems, particularly experimental
research focused on response times, is often not feasible for practical and ethical reasons.
Consequently, most of what is known about the factors affecting response time performance
in EMS systems has been obtained through simulation modelling.[13] Our simulation, based
on part of a large urban South African EMS system, was designed to investigate the theory
that response time performance in high acuity incidents can be improved merely by
increasing a single resource – emergency vehicles – while leaving the rest of the system in its
original state.
Our data suggest that increasing vehicle numbers in an urban EMS system does improve
response time performance. However, two important facts emerge: firstly, this effect is not
linearly related to the number of additional vehicles; secondly, the number of vehicles
required to bring about this transient improvement is unrealistically large. With the cost of an
equipped ambulance (including staffing) estimated at R3 670 998, (Dr Shaheem De Vries
Vehicle cost estimates. Personal correspondence 12 May 2015) total cost required for the
initial 14% response time improvement in the ambulance only model (Figure 1) would be
R194 562 894 (R13 897 349 per % improvement).
The limited effectiveness of larger vehicle numbers can be explained by consideration of
changeable and unchangeable determinants of response time performance. In our model, the
addition of emergency vehicles was effective in minimising the waiting time and thus
decreasing response times which are comprised, in part, of this delay. This effect is easy to
understand – greater availability of vehicles means that delays in allocating a vehicle to a
waiting incident will be minimised and thus the waiting time too will be decreased. The
initial changes shown between baseline (scenario 1) and scenario 2 illustrate this (Figure 1,
Figure 2, Table 2). In relation to vehicle numbers, the waiting time can therefore be
considered a changeable determinant of response time performance.
Although there are a number of other determinants of response time performance, one of the
most important is the proximity of an available vehicle to an incident at the time when it is
deployed. Simulation research conducted since the late 1960s has made some advances in
understanding ways of optimising emergency vehicle deployment and re-deployment
problems and, to some degree at least, in coupling EMS system demand patterns with
available resources in order to minimise response time.[14-21] These studies, using a variety of
approaches including mathematical modelling, use of Geographic Information Systems,
demand pattern analysis and dynamic allocation and reallocation of vehicles, have identified
that the only way to significantly reduce response times is to somehow address the proximity
problem. If this is not done, the addition of more vehicles to an EMS system can only have an
impact on waiting time. Beyond this, the proximity of vehicles to incidents remains an
9

unchangeable determinant of response times unless the way vehicles are deployed and redeployed is improved.
Response time benchmark targets in South Africa are modest relative to those in parts of
Europe and the United States which range between four and eight minutes for 90% of high
acuity cases.[22-24] The typical model of EMS vehicle location and allocation in South Africa
may explain why these targets remain difficult to meet. In most of our EMS systems, vehicles
are statically located at bases which are not placed strategically for their proximity to areas of
demand, and certainly do not take into consideration changes in demand that occur over time.
Under these conditions, the addition of vehicles to a system without any other changes will
result in an initial response time improvement representing elimination of waiting times. This
will only be possible through high availability, and significant redundancy, of vehicles which
can only be achieved at great cost.
Many EMS systems also use the two-tiered PRV and ambulance model, which our data show
to be inferior. The reason for this is again most likely related to the proximity problem. In the
modelled system, there were far fewer PRVs than ambulances (Table 1), which meant that
each PRV necessarily had to cover a larger distance in responding to the P1 incidents that it
was dispatched to. In addition, longer responses were associated with decreased availability
and increased waiting times. The addition of more PRVs with each successive scenario
contributed to the improvement of response times in the two-tiered model, relative to that of
the single-tier model, mainly by decreasing waiting times and increasing availability (Figure
1, Table 2).
For decision-makers in South African EMS systems to improve response time performance in
high acuity cases, a different approach is required – not just more vehicles. This will require a
fundamental realisation that the key to better response times is optimal vehicle utilisation and
efficiency rather than numbers. The only way to address efficiency will be to rethink the old
models of response system design (many of which have not changed in decades), and to
develop a deep understanding of the dynamics of our urban EMS systems as a means to
engage in a more scientific form of EMS system design and implementation.
Limitations
The results produced by our simulation model are specific to the modelled EMS system and
do not necessarily reflect the performance and operations of other EMS systems. In
particular, EMS systems that are not currently as well resourced with vehicles as the
modelled system may see more of an impact from additional vehicle numbers initially.
However we believe that a very similar response pattern will be seen in EMS systems with
similar methods of emergency dispatch and vehicle deployment.
Conclusion
This study showed that the addition of emergency vehicles to a busy urban EMS improves
response times in high acuity cases but alone is not capable of the magnitude of response time
improvement needed to meet the national response time targets. Changes to the way
emergency vehicles are deployed, and how proximity between available vehicles and high
acuity incidents is optimised, are required in order to bring about cost-effective and
significant improvements in response time performance.
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