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Abstract  Modeling and Simulation (M&S) allows for reproducing medical procedures and services, understanding 
disease progression, and predicting treatment responses without risks to real patients. This study aims to simulate 
the ambulance service system of the Mobile Emergency Care Service (SAMU) in a Brazilian region, using the Arena 
software and Machine Learning (ML). The quantitative methodology combines mathematical modeling and a case 
study to analyze variables such as the number of ambulances, patient arrivals, waiting times, and workload. Using 
the Manchester Protocol as a reference, the Arena results feed a regression model to relate waiting times and the 
number of ambulances. Integrating these techniques allowed for predictions regarding the impact of different resource 
configurations. Based on real data, the numerical results indicated reduced waiting times with increased ambulances 
and streamlined resource allocation. Thus, by contributing to the operational efficiency of mobile emergency services, 
the findings also strengthen the resilient performance of the Unified Health System (SUS) in the face of adversities.
Key words  Health System Resilience, SUS, SAMU, Computer Simulation, Machine Learning
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Introduction

Recently, a growing interest has been in ap-
plying Modeling and Simulation (M&S) tech-
niques in health1,2. This field stands out for its 
high complexity and variety of perspectives ad-
dressed, placing modelers before the constant 
challenge of developing simulation models that 
capture this complexity systematically and man-
ageably. This trend reflects the search for more 
comprehensive and integrative approaches, 
overcoming the limitation of fragmented stud-
ies and providing a more holistic understanding 
of the functioning of these complex systems3. 
Furthermore, M&S was essential in promoting 
the resilience of health systems. However, its 
level of adoption remains relatively low, indi-
cating an area that still requires further explo-
ration. Despite the numerous gains associated 
with this approach, its implementation is often 
limited due to its considerable cost, resulting in 
its underutilization. This perception highlights 
the need for a more in-depth analysis of the ac-
tual financial and operational impacts associat-
ed with its incorporation into health systems4.

M&S enables professionals and researchers 
to simulate medical procedures, understand 
disease progression, and predict treatment re-
sponses without posing risks to real patients. 
This practice contributes to improving health-
care quality, streamlining practices, reducing 
costs, and accelerating the development of in-
novative solutions.

According to Erdemir et al.5, ten rules for 
reliable M&S practices in health are proposed 
and developed from a comparative analysis by 
multidisciplinary members. These rules estab-
lish a unified conceptual framework for the 
design, implementation, evaluation, dissem-
ination or use of M&S: (1) Defining the con-
text clearly; (2) Using contextually appropriate 
data; (3) Evaluating according to the context; 
(4) Identifying limitations explicitly; (5) Using 
a version control; (6) Adequate documentation; 
(7) Widespread dissemination; (8) Obtaining 
independent evaluations; (9) Testing compet-
ing implementations; and (10) Establishing 
standards-compliant data. While some of these 
are common-sense guidelines, many are often 
missed or misinterpreted, even by experienced 
practitioners, emphasizing the importance of 
rigorous practices to ensure health system effec-
tiveness and resilience in applying M&S5.

Thus, Jatobá and Carvalho6 state that the 
health system’s resilience is the adaptative ca-
pacity they must develop daily to adequately 

meet the sudden increase in pressure on de-
mand caused by extraordinary events while 
maintaining the functioning, safety, quality, and 
availability of services. Therefore, resilience is 
an ability that must be developed continuously, 
and not only when crises occur, especially in the 
case of public systems such as the Unified Health 
System (SUS). Integrating M&S improves crisis 
prediction and management, increasing the 
adaptability of health systems.

In Brazil, the basic support Mobile Emergen-
cy Care Service (SAMU) units handle 3.3 daily 
calls (a low number), as many of the mobile re-
sources do not have teams to operate them 24 
hours a day or cover vast areas, which results in 
long journeys7. The Dial 192 telephone number 
provides access to an emergency and urgency 
regulation center, where operators answer calls 
and forward them to a professional with med-
ical training, who identifies the severity, makes 
an initial diagnosis, and defines the priority and 
the need to send a mobile resource – a regu-
lar ambulance or a mobile Intensive Care Unit 
(ICU)7.

This article is relevant because it applies 
M&S and Machine Learning (ML) techniques 
to assess the efficiency of the ambulance ser-
vice system in a Brazilian region. It stands out 
in a context where the lack of specific studies on 
the SAMU performance in Brazil highlights the 
importance of research. By examining variables 
such as the number of ambulances, patient arriv-
al, waiting time, and workload of service teams, 
the study seeks to provide solid foundations 
for improving the efficiency of the emergency 
system. Applying M&S and ML techniques in 
public health faces several limitations in this 
context. First, the need for advanced hardware 
and specialized knowledge can challenge many 
institutions8. At the same time, the excessive 
emphasis on computational aspects can make it 
difficult for decision-makers to interpret the re-
sults5. Specifically in public health contexts, the 
variability of epidemiological data and the reli-
ance on historical data may not adequately cap-
ture current or future dynamics, compromising 
the accuracy of the models9.

In turn, the Alto Tietê region, located in the 
Metropolitan Region of São Paulo, has 31 am-
bulances available to serve 1.6 million inhabi-
tants, which totals, on average, one ambulance 
for every 52 thousand inhabitants. The Ministry 
of Health states that one ambulance for every 
50 thousand inhabitants is recommended10-12, 
which is outdated in the region. In turn, SAMU 
in Mogi das Cruzes, part of Alto Tietê, serves 
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a mean of 3,000 people monthly. Furthermore, 
approximately 40% of calls received by SAMU 
are not for emergency cases13 and can create un-
necessary overload on the system. These factors 
contribute to long waiting times and suboptimal 
use of available resources. Therefore, it is vital to 
analyze how this service can be improved and 
to conduct preliminary studies so that resourc-
es can be correctly allocated, as possible future 
acquisitions of ambulances can be made. From 
this perspective, Mogi das Cruzes was chosen as 
the study site due to its high demand for SAMU 
services and the availability of detailed informa-
tion about the service. These factors provide rich 
and varied data, essential for M&S, allowing for 
detailed analysis and the proposal of solutions 
to streamline the service and improve care for 
the population.

Arena software is widely used for M&S 
of discrete systems (which is identified in the 
problem analyzed in this article) and is a glob-
al leader in medical simulation solutions. It is 
currently used in hundreds of hospitals in more 
than 20 different countries14. 

In this context, this article aims to simulate 
the SAMU ambulance service system in Mogi 
das Cruzes, São Paulo, using Arena software and 
ML techniques to analyze and streamline the 
system’s performance, thus contributing to SUS 
resilience and efficiency.

This study was divided into six sections: the 
first, referring to the introduction, describes the 
research objectives; section 2 presents the liter-
ature review; section 3 describes the problem; 
section 4 presents the methodology; section 5 
denotes the results achieved; and finally, section 
6 concludes the research.

Literature review

A literature review aims to take a comprehen-
sive approach to identifying, evaluating, and 
interpreting all relevant and available research 
associated with a specific research question, a 
given thematic area, or a designated event of 
interest15.

International studies show the positive im-
pact of ML in health systems, providing a solid 
theoretical basis for the implementation of these 
technologies in Brazil. In this context, Lee et al.16 
reviewed ML models to predict unscheduled re-
turns to emergency departments, highlighting 
the effectiveness of these approaches in improv-
ing the quality of care, reducing waiting times, 
and decreasing health costs. The study showed 

that, when analyzing demographic and clinical 
variables, ML models can predict with some ac-
curacy the probability of unscheduled returns. 
Additionally, Syrowatka et al.17 identified six 
main use cases of ML in pandemic prepared-
ness and response, such as predicting infectious 
disease dynamics, surveillance and detection of 
outbreaks, and disease prognosis, showing how 
these tools can improve clinical decision-mak-
ing and streamline resources in health emer-
gencies. Neira-Rodado et al.18 analyzed the dy-
namic allocation of ambulances, highlighting 
the importance of ML in streamlining resources 
during epidemic outbreaks, such as SARS and 
COVID-19, and highlighting the evolution of 
methodologies to address dynamic problems 
in allocating emergency services. Finally, Raita 
et al.19 developed and compared ML models to 
predict critical outcomes and hospitalizations 
in emergency departments, showing that these 
models outperformed traditional approaches, 
which consequently promotes improved triage, 
prediction of clinical outcomes, and stream-
lined resource use. These studies exemplify how 
ML can predict emergency demands, streamline 
resources, and improve clinical decision-mak-
ing, aligning with the need to strengthen the 
Brazilian health system’s resilience.

The M&S of the SAMU service is the foun-
dation of this article, and ML analysis is a sec-
ondary focus, which served as a basis for vali-
dating the modeling performed, as will be seen 
throughout the work. Therefore, in order to find 
publications related to the use of M&S in the 
ambulance dispatch service, scientific articles 
from journals and conferences related to the 
2019-2024 period were analyzed in the Scopus 
and IEEE databases, with the following search 
string: (“Modeling and Simulation” OR “M&S” 
OR “Simulation Modeling” OR “Computational 
Simulation”) AND (“Ambulance” OR “Ambu-
lance Services” OR “Ambulance Systems”). 

In total, six related works were found, name-
ly: Yang et al.20 proposed a simulation-based 
streamlining method for ambulance allocation, 
building a model to mimic the operational pro-
cesses of an emergency medical services system 
and evaluate performance in an uncertain en-
vironment; Sebestyénová and Kurdel21 used the 
Tecnomatix Plant Simulation software to model 
ambulance logistics, demonstrating how dis-
crete event simulation can be applied to manage 
single-rail networks with ambulances; Kong et 
al.22 used M&S for real-time ambulance dis-
patching using reallocation decisions; Liu et 
al.23 developed an analytical framework using 
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M&S techniques for emergency resource alloca-
tion in response to demand disruption during 
the COVID-19 pandemic; Maas et al.24 used 
simulation to estimate time savings and clin-
ical impact of the drive-the-doctor model for 
streamlining acute stroke services in rural areas; 
and finally, Arul et al.25 proposed an image pro-
cessing-based innovative traffic signal system to 
identify emergency vehicles and automatically 
adjust traffic signals, showing efficiency in re-
ducing waiting time for ambulances. Howev-
er, when analyzing the M&S applications, we 
identified a gap: the lack of studies dedicated to 
ambulances in the Brazilian context and, conse-
quently, SAMU. This lack of research motivated 
the choice of the present work, which aims to 
fill this gap by addressing this topic, offering a 
perspective for the Brazilian context that aims 
to advance knowledge in this area.

Describing the problem

SAMU aims to quickly assist victims in 
urgent or emergencies to prevent distress, se-
quelae, or death. Integrated into the National 
Emergency Care Policy, which prioritizes SUS 
principles, SAMU promotes regionalized and 
hierarchical care networks to ensure universal-
ity, equity, and comprehensiveness of care. Its 
teams comprise doctors, nurses, nursing assis-
tants, and drivers and assist in homes, work-
places, and public roads26.

According to Naseer et al.27, applying M&S 
techniques in health increases service provision. 
In this context, the Arena software is a model-
ing and simulation system based on hierarchi-
cal concepts, allowing users to create blocks to 
represent the model studied. Therefore, because 
it is intuitive software that allows modeling and 
simulating SAMU services efficiently and effec-
tively, Arena was chosen to solve the current 
problem.

Also, Figure 1 presents a CATWOE analysis, 
a widely recognized framework for analyzing 
problems in systems and processes. This meth-
od derives from the Soft Systems Methodology 
(SSM)28 and is applied to address complex and 
unstructured organizational challenges. This 
approach seeks a holistic understanding of the 
system in question, identifying key elements 
such as the stakeholders involved, the necessary 
transformation processes, and the challenges 
and restrictions that permeate the situation dis-
cussed. This tool provides a comprehensive view 
that contributes to the structuring and deeper 
understanding of the problem, allowing for a 

more precise and effective analysis in the search 
for solutions.

Resilient health systems are therefore need-
ed to withstand shocks, such as natural disasters 
and health crises, without compromising es-
sential services. Strategies to improve resilience 
include strengthening governance, improving 
surveillance and response capacities, and in-
vesting in health infrastructure, ensuring the 
continued health of populations in adverse situ-
ations29. Thus, this article contributes to this re-
silience by streamlining the allocation of SAMU 
resources and better understanding the emer-
gency service, improving infrastructure and re-
sponse capacity in emergencies.

Methods 

Per the classification proposed by Creswell and 
Creswell30, this article combined mathematical 
modeling and case study, and its methodology 
was characterized as quantitative31. The pres-
ent study exemplifies the integration of M&S 
and ML in the Brazilian health system by using 
the data generated by the simulation to inform 
a regression model, analyzing the relationship 
between waiting time and the number of ambu-
lances available in the system.

Furthermore, actual information that will 
serve as a basis for future inferences is essential 
to building predictive models. Historical patient 
data, emergency care records, and demographic 
information are vital to training these models. 
As Glans et al.32 discussed, collecting detailed 
data on patient characteristics and events during 
hospitalization is crucial. Developing predictive 
models involves creating settings that can pre-
dict and manage public health crises, using this 
information to identify patterns and areas for 
improvement in emergency care.

This section addressed the characteristics of 
the real system chosen. It highlighted the most 
relevant ones for the modeling performed, in 
addition to the entities, resources, simulation 
time, rounds, limitations, and blocks of the 
proposed system. The modeling aims to ana-
lyze and streamline the system’s performance, 
considering variables such as the number of 
ambulances, patient arrivals, waiting times, and 
average service time, in addition to the medical 
teams’ workload.

Arena is an effective tool in various con-
texts, covering manufacturing, transportation, 
logistics, storage, queues, and business process-
ing33. This software also has specific function-
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alities that expand its usefulness, such as the 
input analyzer, designed to provide users with 
the ability to interpret raw input data; and the 
output analyzer incorporated into the software, 
offering essential resources for the visualizing 
and analyzing data resulting from simulations. 
These features make Arena a versatile and com-
prehensive tool for modeling and simulating 
complex systems in several sectors33. Resilient 
practices include developing contingency plans, 
diversifying resources, and promoting a flexible 
and responsive organizational culture34. In oth-
er words, the situational understanding provid-
ed by Arena is essential for optimally managing 
potential bottlenecks. Figure 2 shows the Arena 
software blocks used to represent the problem 
assertively.

SAMU in Mogi das Cruzes faces challeng-
es due to high demand and limited resources, 
which justifies the need for this study. An aver-
age of 3,000 people are served monthly in the 
city, using 18 ambulances available for care10,35,36. 
These data were collected from the Ministry of 
Health and local health sources and are the most 
recent available and refer to 2019, enabling the 
construction of a simulation model that reflects 
the operational reality of SAMU in Mogi das 
Cruzes. The data were entered directly into the 
Arena software, with the parameters iteratively 
adjusted based on the reports generated, eval-

uating performance by waiting time and team 
utilization as the number of ambulances was 
changed.

Chart blocks

• Patient arrival: This “create” block rep-
resents the arrival of patients for ambulance use. 
In Mogi das Cruzes, 3,000 people are treated 
on average every month10,35,36. The system was 
modeled to represent the actual information 
that 3,000 people are treated, with the rest not 
being treated for reasons that do not interfere 
with the analysis or the results;

• Separates actual cases: This study estab-
lishes a clear distinction between actual cas-
es and non-services, using a “decide” block to 
represent the percentage of ambulance requests 
filtered after an initial assessment. For this mod-
el, based on actual data, 32% of calls result in 
non-services. This category includes prank calls 
and situations in which, after analysis, it is not 
justified to send an emergency unit10,13,35,36. With 
this, the system was modeled to represent the 
actual information that 3,000 people are served, 
with the rest not being served for reasons that 
do not affect the results;

• Non-services: “dispose” block created to 
collect cases that did not require sending an 
ambulance;

Figure 1. CATWOE analysis.

Source: Authors

CUSTOMER

Who needs the 
service: Citizens 

of Mogi das Cruzes 
who require the 

SAMU ambulance 
service.

Needs: Quick 
response and 
easy access 
to healthcare 

services.

ACTORS

Actors: SAMU 
healthcare 

professionals.

WORLDVIEW

Overview: 
An efficient 

and integrated 
healthcare system 
is essential to meet 
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Implications: Lack 

of coordination 
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negatively affect 

the quality of care 
provided.

OWNER
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and SAMU staff.
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Identify and solve 
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and ensure the 
delivery of high-

quality healthcare 
services.

ENVIRONMENT

What they are: 
Resource limitations, 

healthcare sector 
regulations, and 

resistance to change 
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professionals and 
patients.

Impact: These 
constraints 

may hinder the 
implementation 

of service 
improvements, 

affecting the 
effectiveness and 

efficiency of patient 
care.

TRANSFORMATION
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incremento na 
forma como os 

serviços de saúde 
são prestados aos 
cidadãos de Mogi.

Como:
desenvolvimento 
e implementação 

de um modelo 
de M&S, para 

identificar pontos 
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TRANSFORMATION

What it is: 
Improvement in 

the way healthcare 
services are 

provided to the 
citizens of Mogi.
How: Develop 
and implement 

a Modeling 
and Simulation 
(M&S) model to 
identify areas for 

improvement.
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• Ambulance transport service: the “create” 
block represents the ambulance service itself, 
counting the 18 ambulances to serve the pop-
ulation10,35. The basic and advanced support 
teams were considered in this block to simplify 
the process;

• Record 1: block created to record the time 
between each service and the number of ser-
vices; and

• Dispose 1: arrival block of ambulances that 
performed services.

Entities, resources, simulation time, 
rounds, and limitations

• Entities: The system is represented by an 
entity (patient), which represents the patients 
who arrive at the system. The Poisson expres-
sion with a mean of 0.16 was adopted to gen-
erate information consistent with the collected 
data, which will simulate the arrival of 4,500 pa-
tients on average. After identifying occurrences, 
the cases that really require care will be trans-
ferred to the respective care units by ambulanc-
es, resulting in an average of 3,000 attendances;

• Resources: There is a resource in the sim-
ulation, represented by the Ambulance Team, 
which comprises the driver and the health team; 
that is, this resource encompasses all the solu-
tions necessary to care for patients. The Poisson 
distribution was employed to change the num-
ber of ambulances in the simulation, which is 
frequently used to model the arrival of patients 
in health systems37. The total number of pa-
tients considered was the historical average of 
3,000 monthly attendances, with a time of 720 
(1 month) hours and the number of ambulances 
represented by the variation of 20 to 25 vehicles;

• Simulation time: 720 hours, equivalent to 
30 days, in order to obtain the monthly param-
eters, considering the 24-hour service period of 
SAMU26; and

• Rounds: Per the limitations of the software 
version used, 30 or 100 rounds were made for 
each change in the parameter of the number of 
ambulances in the system.

Results and discussion

The Arena software simulation produced quan-
titative data that allowed an analysis of the am-
bulance system’s performance in several alloca-
tion scenarios. Table 1 summarizes the results, 
showing that the mean number of patients treat-
ed remained consistently around 3,050, aligned 
with the study’s expectations. The confidence 
level set at 95% reinforces the estimates’ accura-
cy and, therefore, the validity of the conclusions 
derived from the results.

The data reveal an inverse correlation be-
tween the number of ambulances and the 
variability of waiting times. As the number of 
ambulances increased from 20 to 25, the stan-
dard deviation of waiting times gradually re-
duced from 1.35 to 0.37 hours. Analysis of the 
standard deviation of waiting times reveals the 
reliability of the simulation’s estimates. The 
standard deviation is higher with fewer ambu-
lances, indicating more significant variability in 
waiting times and a system operating close to 
maximum capacity. As the number of rounds 
and ambulances increases, the standard devi-
ation decreases, validating the reliability of the 
results and suggesting that waiting times can be 
streamlined through operational adjustments. 

Figure 2. System blocks. 

Source: Authors
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Record 1 Dispose 1
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attendance
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0
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Variability in waiting times is an inherent char-
acteristic of emergency services due to the un-
predictable and variable nature of calls, which 
can swing significantly in number and severity 
over time. We should also note that simulations 
limited to 30 rounds due to restrictions of the 
Arena software version used also revealed con-
sistent results, which supports the reliability of 
the interpretations.

Shorter waiting times improve patient satis-
faction by reducing anxiety and discomfort. This 
is crucial from a humanitarian perspective and 
for building trust in the public health system. It 
also relieves the pressure on hospital resources, 
as patients who are seen quickly are less likely 
to require prolonged intensive care. This allows 
for better resource allocation, which makes 
treatment more efficient for more patients. The 
chances of rapid and effective interventions in-
crease with shorter waiting times.

Furthermore, Figure 3 analyses the relation-
ship between the number of ambulances avail-
able, the waiting time in hours, and the efficien-
cy of using emergency teams. The mean waiting 
time decreases by increasing the fleet from 20 
to 25 ambulances, showing improved service 
efficiency. Although it may seem obvious, the 
increased resource is not, especially when the 
cost and idleness variables can be added. In this 
specific case, the increase of 25%, i.e., five am-
bulances, carries a mathematical basis, and its 
efficiency is proven based on the simulation in 
Figure 2.

At the same time, we identify a decreased 
team utilization rate, indicating that the ex-
panded fleet allows for a more efficient distri-
bution of emergency incidents among the avail-
able teams. This workload relief allows teams to 
operate more efficiently and with less stress, re-
ducing the chances of fatigue and burnout. With 
lower utilization, ambulance teams can focus 

instead on the quality of care provided rather 
than just dealing with the number of calls. This 
can lead to improved patient satisfaction and 
overall quality of healthcare services.

Numerical modeling of the addition of am-
bulances, as shown in Figure 3, allows for an 
accurate analysis of the operational impact. The 
graph shows that the most significant reduction 
in waiting time occurs when the number of am-
bulances increases from 20 to 23. The reduction 
still exists after that but is less pronounced. By 
identifying the point at which adding ambu-
lances continues to reduce wait times and crew 
utilization significantly, managers can make in-
formed decisions about resource investments. 
This type of modeling also helps predict the 
marginal efficiency of adding each new ambu-
lance, allowing for more efficient, data-driven 
resource allocation. While adding ambulances 
clearly improves wait times and crew utilization, 
one should consider the cost and sustainability 
of such an expansion.

Validation

We used the Manchester Protocol adopted 
by the SUS to validate the study. It classifies pa-
tients into five colors, defining care priorities by 
severity. This protocol streamlines resources and 
establishes maximum times for care: immediate 
for “Emergency”, up to 10 minutes for “Very ur-
gent”, 1 hour for “Urgent”, 2 hours for “Slightly 
urgent”, and up to 4 hours for “Non-urgent”38. 

This study employed linear and nonlinear 
regression ML techniques to assist in the vali-
dation process, which allows quantifying the re-
lationship between the number of ambulances 
available and patient waiting time.

The simulation results show that increas-
ing the number of ambulances reduces patient 
waiting times, with a more significant impact in 

Table 1. Simulation results by number of ambulances.

Mean of patients 
attended Ambulances Confidence 

level
Waiting time in 

hours [Mean/ SD]
Ambulance team 
used [Mean/SD] Rounds

3075.3 20 0.95 3.81 (1.35) 0.873 (0.061) 30

3064.7 21 0.95 3.03 (1.29) 0.826 (0.054) 30

3034.9 22 0.95 2.51 (0.75) 0.791 (0.041) 100

3081.9 23 0.95 1.97 (0.66) 0.762 (0.042) 100

3084.9 24 0.95 1.93 (0.46) 0.741 (0.041) 100

3018 25 0.95 1.58 (0.37) 0.702 (0.040) 100
Source: Authors.
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“Emergency” and “Very Urgent” cases, where 
minutes are crucial. Figure 4, analyzed with 
linear and nonlinear regressions39, shows a neg-
ative correlation, highlighting that the first in-
creases in the number of ambulances generate 
significant reductions. At the same time, subse-
quent gains are negligible, suggesting a balance 
point for streamlining resources and maximiz-
ing service efficiency. 

Based on this information, equation (1) pro-
vides the second-degree curve of the nonlinear 
regression with R² equivalent to 0.98 (the linear 
model obtained R² of 0.91):

 y = 0,0727x2  - 3,6988x + 48,69 (1) 
The coefficient of 0.0727 models the rela-

tionship’s non-linearity, reflecting the dimin-
ishing return principle. Initially, adding ambu-
lances significantly reduces waiting times, but 
the marginal impact of each new ambulance 
progressively decreases, indicating that, after a 
certain point, the additional benefits become 
increasingly smaller. The linear coefficient of 
-3.6988 represents the direct reduction in wait-
ing times per added ambulance, and is more 
significant at the beginning before the system 
is saturated. The constant value of 48.69 defines 
the theoretical waiting time in the absence of 
ambulances, serving as an initial reference for 

the analysis and evidencing the impact of intro-
ducing resources into the system.

In summary, mathematical modeling pro-
vides a predictive basis for streamlining re-
sources and improving system efficiency by 
elucidating the nonlinear relationship between 
resources and outcomes. The equation supports 
strategic decisions to improve the quality and 
response of emergency services, highlighting 
the practical application of advanced techniques 
in critical health.

Limitations

Although efforts were made to collect as 
much data as possible, the model has some lim-
itations. As a prototype, it lacks detailed data, 
such as mean response times, ambulance de-
ployments, and demand variations throughout 
the day, which could improve the simulation’s 
accuracy. Future research can overcome these 
limitations with more comprehensive data and 
collaboration with SAMU teams to provide spe-
cific information on each care stage.

Furthermore, using the Student version of 
the Arena software imposed restrictions, such 
as the limit of 150 simultaneous entities and the 
impossibility of testing scenarios with less than 

Figure 3. Influence of the number of ambulances on waiting time and team efficiency.

Source: Authors.
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20 ambulances or running more complex sim-
ulations. Despite these limitations, the results 
were not compromised since this article aimed 
to show the method’s applicability as a proto-
type for future investigations.

Conclusion

This study explored the efficiency of a SUS am-
bulance service system, specifically SAMU, to 
achieve its objective through an integrated M&S 
and ML methodology. By focusing on key vari-
ables such as the number of ambulances, patient 
arrivals, waiting times, and average number of 
calls, we deciphered the operational complexi-
ty inherent to the service. The monthly SAMU 
simulation was quantified with ML techniques, 
showing areas for improvement and enhance-
ments in the case at hand.

The findings show that a 25% increase in 
the ambulance fleet reduces waiting times and 
streamlines resource allocation, resulting in 

greater efficiency and reduced workload per 
team. The analysis also revealed the system’s 
operational stability, with a low standard de-
viation in the metrics evaluated. Applying the 
regression validated the model, confirming its 
accuracy in representing the operational reali-
ty of SAMU and providing a solid quantitative 
basis for supporting strategic decisions. This 
approach directly contributes to improving 
emergency services and strengthening SUS re-
silience.

Finally, the proposed methodology can be 
adapted to other regions, providing adequate 
data for simulation. This potential reinforces the 
approach’s relevance in managing emergency 
services in Brazil and globally. Future research 
can expand the scope to include different con-
texts, considering local variables such as popu-
lation density, topography, road infrastructure, 
and economic impact analyses to ensure the fi-
nancial sustainability of interventions. Thus, the 
study strengthens SUS resilience and improves 
emergency services efficiently and sustainably.

Figure 4. Waiting time against the number of ambulances (Linear and nonlinear regression).

Source: Authors.
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