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Abstract

Healthcare systems face the need for analytical tools to support decision-making in complex situations of system saturation. The aim of this study is
to analyse the performance of healthcare centres in the face of epidemiological disruptions, using discrete-event simulation with FlexSim Healthcare.
The results show that in high-demand scenarios that take resilience factors into account, the healthcare system’s responsiveness is reduced by 37.50%
compared with its initial conditions. Innovatively, the study contributes theoretically by demonstrating, through comparative simulation, how
combined resilience factors improve hospital adaptive performance during crises. It can help decision-makers and researchers improve the
management of healthcare processes using technologies such as simulation, even in the face of unexpected disruptions.
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(Resiliencia o vulnerabilidad? Como la toma de decisiones basada en
simulaciones transforma el rendimiento del sistema sanitario durante
las crisis epidemioldgicas

Resumen

Los sistemas sanitarios se enfrentan tienen la necesidad de contar con herramientas analiticas para la toma de decisiones en situaciones complejas de
saturacion del sistema. El objetivo de este estudio es analizar el rendimiento de los centros médicos ante perturbaciones epidemioldgicas, mediante
la simulacion de eventos discretos con FlexSim Healthcare. Los resultados muestran que en escenarios de alta demanda que consideran factores de
resiliencia, la capacidad de respuesta del sistema sanitario se ve afectada por una reduccion del 37,50 % en comparacion con sus condiciones iniciales.
Novedosamente, el estudio aporta una contribucion tedrica al demostrar, mediante simulacién comparativa, como los factores de resiliencia
combinados mejoran la capacidad de adaptacion de los hospitales durante las crisis. Esto puede ayudar a los responsables de la toma de decisiones y
alos investigadores a mejorar la gestion de los procesos sanitarios utilizando tecnologias como la simulacion, incluso ante interrupciones inesperadas.

Palabras clave: simulacion; resiliencia; disrupciones; gestion; rendimiento; decisiones; crisis.

1  Introduction in medical centers (MC) has been intensified by the emergence
of disruptions, such as epidemics, e.g., Zika virus, and
The sustained growth in demand for hospital services pandemics, e.g., COVID-19, which have highlighted the
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fragility of many health systems [1,2]. This reflects that
traditional healthcare planning is insufficient in the face of
sudden increases in patient volume, leading to hasty
decisions that lower operational performance. In this
context, resilience is key to achieving stability in
healthcare systems and viability in changing environments
[3]. Thus, this encompasses multiple interconnected
factors, such as infrastructure management (IM) and
supply chain management (SC), financial management
(FM), human resource management (HRM), and crisis
management (CM) [4]. However, the interaction of these
factors and operational metrics has been little analyzed in
order to make correct and appropriate decisions in
scenarios of uncertainty [5].

That is why discrete event simulation (DES) has
established itself as an effective methodology for
dynamically representing the behavior of healthcare
systems in disruptive scenarios. Specialized technology
such as FlexSim Healthcare (FHC) allows the modeling of
hospital processes to verify the behavior of virtual
scenarios [6]. Recent studies have demonstrated its
usefulness in applications such as bed allocation, resource
planning in intensive care units, optimization of mass
vaccination clinics, and outpatient care [7]. However,
many of these applications have focused on optimizing
isolated processes without considering a holistic view of
the system.

Despite existing advances, the current literature reveals
significant gaps in practical implementation. First, most
studies focus on isolated operational metrics such as
waiting times and resource utilization rates, without
considering broader resilience factors for decision-making
that would allow the system to be sustainable in the long
term [8]. Then, there are few models documented in
sufficient detail to be replicable, particularly those that use
FHC in epidemiological emergency scenarios [9].

This study was motivated by the need to verify the
dynamic interaction between operational performance and
resilience factors due to epidemiological disruptions in
medical centers. In addition, through the use of DES, we
seek to evaluate the most important response factors in
different scenarios, for example, those with high demand,
such as those experienced during the pandemic [10].
Consequently, the main objective of this study is to relate
resilience factors to operational metrics for optimal
decision-making in adverse conditions generated by
epidemiological disruptions. Key elements such as
infrastructure management, human resource management,
and crisis management are evaluated, together with
operational metrics such as: i) patients treated, ii) patients
not treated, iii) patients in queue, iv) utilization of medical
staff, and v) utilization of care locations. Thus, the research
questions (RQ) guiding this study are: RQl1 How do
resilience factors contribute to maintaining operational
performance during scenarios of high demand for medical
services? RQ2 How could simulation models help medical
center administrators improve decision-making?

This study contributes to literature as a collaboration in
research on preparedness for epidemiological disruptions.
It combines DES with resilience analysis and operational

metrics focused on improving the performance of medical
centers. Noveltously, we extend existing organizational
resilience theory to healthcare contexts, providing new
perspectives for optimal decision-making in situations that are
unfavorable for health crisis management.

The rest of the article is organized as follows. Section 2
presents the literature review, discussing the concepts of
resilience in healthcare settings, operational metrics, and the use
of discrete event simulation in hospitals. Section 3 describes the
research methodology, detailing the approach adopted for
modeling and experimentation. Section 4 explains the
simulation model, including data collection, system logic,
performance indicators, and scenario construction. Section 5
reports on the experiments conducted, the results obtained, and
their respective comparative analysis. Section 6 presents the
discussion and management implications, providing practical
ideas for hospital administrators. Finally, Section 7 concludes
the study, highlighting the main contributions, limitations, and
future lines of research.

2 Literature review

Operational flexibility refers to three dimensions: input
flexibility, processing flexibility, and output flexibility in the
service delivery system. In this context, in healthcare settings
depends directly on the workforce, resource flexibility, work
schedule flexibility, and supplier flexibility. Therefore,
improving the capacity of healthcare centers can offer better
care by delivering adequate supplies, e.g., beds, medications,
and consumables [11]. In this context, healthcare scenario
simulation is positioned as an essential technology for
representing complex clinical and operational processes. In
particular, process flexibility is important in developing
resilience within different organizations, as it strengthens the
adaptability of the system in real time. It also provides a rapid
response that allows for continuity of operations and reduces
the impact of crises. This increases their ability to recover in
dynamic and uncertain environments.

One challenge for decision-makers is to manage the
conditions of uncertainty that arise during disruptions, which
requires a multidimensional approach that integrates resilience
factors. Thus, it is necessary to diagnose the causes of the
problem and take actions to improve performance that will last
over time [12]. Despite the great interest devoted to improving
healthcare systems around the world, these inherently operate
under conditions of uncertainty, which hinder traditional
planning. Uncertainty then intensifies in the face of
epidemiological disruptions, making decision-making even
more difficult. Consequently, uncertain demand is one of the
most complicated factors to manage in a crisis, as it creates
bottlenecks in different critical services such as emergency
rooms and intensive care units [13]. Here, discrete event
simulation (DES) allows for the simultaneous consideration of
individual behaviors, patient flows, and population evolution,
strengthening hospital planning and clinical decision-making
[8]. So, through these models, it is possible to simulate care
scenarios and clinical dynamics in controlled environments.
This is especially useful in professional education and clinical
training, where it improves the reasoning, safety, and practical
skills of trainees [14].
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Regarding simulation tools, FlexSim HealthCare
(FHC) 1is presented as a specialized simulation
environment that adapts to the reality experienced in
hospitals. Compared to other software such as Arena,
AnyLogic, or platforms designed primarily for technical
purposes such as Modelsim, it is more efficient for signal
analysis or digital architecture validation. Specifically, it
allows for the modeling of physical structures, clinical
pathways, human resources, and operations with a visual
and interactive approach geared toward healthcare systems
management [15].

On the other hand, resilience in healthcare settings
emerges as a key element in understanding the limitations
of healthcare systems in response to disruptions. This
refers to the ability of medical centers to cope with
disruptions, prepare adequately, and respond efficiently,
while maintaining their essential functions and adapting to
constant change [16]. Therefore, resilient healthcare
systems must resist, absorb, adapt, transform, and recover
from the challenges they face before, during, or after
disruptions, with the priority being to evolve in terms of
healthcare safety [17].

To achieve this in healthcare settings, it is important to
consider resilience factors, one of the main ones being the
management of the infrastructure itself, which faces
scalability challenges related to the economies of nations
[4]. Health infrastructure plays a vital role in crisis
prevention and control. While many countries differ in
terms of more advanced infrastructure capable of meeting
hospital demand, many countries do not reach the
minimum level of care in normal scenarios. Hence, it is
important for governments to improve their health
infrastructure to improve the conditions of the population
in the face of possible emergencies [11].

However, the key factor to analyze is human resource
management, as medical staff are crucial for efficient
preparedness and response. This requires different
alternatives for the use of healthcare personnel during the
crisis, such as staff rotation, extended working hours,
psychological support, and safety protocols. Protecting
frontline emergency personnel and distributing them
appropriately over reasonable periods of time to provide
medical care can increase the capacity to provide care and
utilize available medical resources [12].

One particular challenge in designing resilient MC is
the monitoring of operational metrics that demonstrate
adequate crisis management through intervention in
resilience factors. The integration of these operational
metrics supports hospital administrators in verifying their
response and operational level in such circumstances in
order to improve what makes them vulnerable [18].

The connection between resilience factors and
operational metrics reveals a better decision-making
scenario in medical centers. This decision-making is
characterized by being multi-level and multi-temporal,
thanks to the effective action of strategic, tactical, and
operational decisions [4] In the context of epidemiological
disruptions, the difficulty of making sound decisions that
combine these three fundamental pillars to achieve
resilience in healthcare environments is intensified. All

this is possible thanks to senior management, which plays an
important role in setting long-term goals to deal with future
crises. Recent studies emphasize that these decisions must be
adapted over extended periods of time. At the tactical level,
decision-makers transform these strategies into operational
plans, which requires available information that allows for the
sustainable management of hospital resources. Finally,
operational decisions are characterized by their immediacy and
are the result of the integration of all levels in pursuit of the
same goal: to adequately care for the largest number of patients
and manage the crisis. Therefore, integration and coordination
between these levels is critical for managing the health crisis

[4].
3 Methodology

This study adopts the simulation methodology for models
that present solutions to real-world problems through different
experimental scenarios [19]. In this context, we apply this
methodology for simulation in six steps, which analyze the
behavior of the MC in the face of epidemiological disruptions
that increase the demand for healthcare services. Consequently,
the simulation model addresses the real problem through
different simulation scenarios and the application of resilience
factors that influence the performance of the system. The logic
of the study is shown in Fig. 1.
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Figure 1. Research process
Source: Own elaboration.
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Researchers confirm that artificial intelligence (AI)
tools such as Claude (Anthropic) were used during the
preparation of the article. This Al is used for auxiliary
tasks in research, such as refining academic language,
summarizing the literature, and improving the clarity of the
presentation of the results obtained. The use of this tool
aims to improve terminological accuracy and consistency
in the writing of the article. It should be noted that all Al
generated outputs were thoroughly reviewed, validated,
and edited by the authors to ensure academic rigor and
alignment with scientific publication standards.

First, comprehensive data collection is carried out from
the MC, including care processes and the time required for
each process. Next, the simulation logic is developed,
showing all phases of medical care provision in the MC,
incorporating patient flow dynamics, resource allocation, and
decision paths. Third, the resilience factors to be used in the
model are defined, as well as the operational metrics to be
analyzed in the different scenarios. Fourth, the simulation
model is built in FHC for a realistic representation of the
healthcare system. Finally, the simulation scenarios for the
healthcare model are determined: normal operating
conditions and operating conditions affected by
epidemiological disruptions. The comprehensive analysis
examines the impact of integrating resilience factors into the
operational metrics that demonstrate the system's
performance and enable evidence-based decision-making for
health crisis management.

4 Simulation model

4.1  Data compilation

In order to realistically represent care times, probability
distributions adjusted to data collected directly at the
medical center are used. Table 1 summarizes the standard
time expressed in minutes for each of the fifteen main
clinical activities considered in the model, together with
the statistical distribution assigned to each of them. These
values are then validated by MC staff, ensuring that the
parameters accurately reflect the actual behavior of the
system. This quantitative characterization of healthcare
processes forms the basis of the simulation model and
allows for a more accurate analysis of the impact of
variations in demand or available resources.

With the aim of ensuring stochastic validity in process
simulation, FlexSim’s ‘Fitted Distribution’ option
incorporates mathematical methodologies supported by
the scientific literature. On the one hand, it uses Maximum
Likelihood Estimation (MLE) to optimise the distribution
parameters, a method whose asymptotic efficiency and
consistency in computational parametric modelling have
been extensively demonstrated in statistical theory [20].

Furthermore, the software evaluates the accuracy of
this fit using the Cramér—von Mises goodness-of-fit test
and a prediction error predictor; this analytical approach is
consistent with developments that validate the use of
predictors based on statistical distances and the
minimisation of the mean squared error to mitigate
uncertainty in computational models [21].

Table 1.
Standard time per medical activity.
o .. Standard time . PN
N. Activity (min) Applied distribution
Patient registration 28.82 Uniform (5.00, 10.00)
2 Medical interview 8.18 Uniform (5.00, 9.99)
3 Medical assessment 386 Johnsonbounded (1.89,
(weighing) ’ 5.16,0.08,0.69)
4 General medical 11.30 Uniform (5.00, 10.00)
examination
5 Administration of 367 Johnsonbounded (1.95,
injections ’ 5.09, 0.01, 0.62)
6  Serum application 92.46 Uniform (45.05, 59.96)
7 Ear washings 48.64 Beta (26.67, 43.02, 1.58,
1.80)
8  Skin extractions 30.11 Beta (14.19, 41.36, 1.26,
1.38)
. Johnsonbounded (15.06,
9  Wound healin 23.17 24.83, 0.06, 0.60)
10 Sutures 81.84 Uniform (40.02, 60.00)
11 Changing catheters 43.56 Uniform (25.06, 42.95)
12 Contraceptive implant 30.75 Beta (18.70, 32.25, 1.86,
2.24)
13 Nebulizations 46.27 Uniform (27.00, 44.98)
14 Facial cleansing 106.86 Uniform (27.00, 44.98)
15 Prescription filling 4.67 Uniform (3.00, 5.00)

Source: Own elaboration.

4.2 Simulation model logic

The model simulates the care process at a primary care center
under normal operating conditions and high demand due to
epidemiological disruptions. Thus, patient arrival times are
considered, which vary depending on the time of day. Also, to
manage this flow, a triage system is implemented that classifies
patients and refers them to the appropriate areas. Then, each patient
receives an identifier that facilitates their care according to their
clinical condition. Additionally, the care times for each activity were
determined through interviews with MC staff. These times vary
according to the type of service, and in certain cases do not include
auxiliary activities, which are not added to the main processing
cycle. Finally, the model is implemented in FHC, using DES to
represent the behavior of the system under different scenarios.
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Figure 2. Simulation model logic.
Source: Own elaboration.
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Fig. 2 presents the care flow, which begins with the
patient's admission and the assessment of staff availability.
When staff are available, registration and medical
assessment proceed. Then, the patient is referred to one of
three areas: invasive procedures, care and therapies, or
cleaning and hygiene. In addition, the corresponding
prescription is issued, and the patient is discharged from
the system. Key entities such as patients, medical staff,
care locations, and support resources are also defined. The
care logic was structured following the actual clinical
sequence. Scripting is incorporated to model complex
behaviors such as priorities, staggered shifts, and rules for
discarding patients due to excessive waiting times. These
elements allow for the accurate simulation of realistic
operational scenarios and the evaluation of their impact on
medical care.

4.3  Performance indicators

In terms of resilience, the factors analyzed in the
system are: (i) infrastructure management in terms of the
number of healthcare locations, (ii) human resource
management through flexible working hours for medical
staff and the number of medical staff available. So, to
assess the impact on the efficiency of the healthcare
system, the following operational metrics are defined. This
allows critical dimensions of the care process to be
measured. The metrics used are: (i) patients treated, (ii)
patients not treated, (iii) patients in queue, (iv) utilization
of medical staff, and (v) utilization of care locations. Here,
these operational metrics are key within the modeled care
system, as they allow us to verify what happens in the
current environment and what happens when
epidemiological disruptions arise, thus allowing us to
analyze the resilience factors with the greatest impact in
reducing MC saturation.

The performance indicators used include the number of
patients treated satisfactorily, which is directly related to
the system's capacity to provide timely care and to the
user's perception of quality. The rejection rate is also
considered, understood as the percentage of patients who
leave the system after exceeding a 30-minute waiting
threshold without being treated, which is especially
relevant in emergency contexts. On the other hand, the
occupancy of care locations is analyzed as an indicator of
possible physical bottlenecks, given the limited
infrastructure available. In this care context, the utilization
of medical staff is measured in terms of the effective time
spent on clinical tasks relative to the total time allocated.
Additionally, by interpreting the operational metrics
established in the system, MC administrative staff can
make decisions based on their own studies of the care
system.

4.4  Construction of the simulation model

The activities are modeled using a process flow
diagram. The saturation of the healthcare system is evident
in the simulation, see Fig. 3. Therefore, the FlexSim
software's experimenter tool is used to evaluate the

behavior of the healthcare system under normal conditions and
variable conditions due to epidemiological disruptions. This
tool allows scenarios to be structured and executed under
control, maintaining consistency in the initial conditions, thus
facilitating the comparison of results. Here, each scenario is
simulated over a full working day, with 10 independent
repetitions, which reduces the impact of the stochastic
variability inherent in the model itself. Then, the resilience
factors involved in the FHC experimenter tool are IM and
HRM, through the variation in the number of medical staff,
number of care locations, and extended service hours. The
development of the medical activities proposed in the model can
be seen in Fig. 4.

4.5  Simulation scenarios

The experimental design includes the simulation of two
independent scenarios (S): normal operating conditions (S1)
and operating conditions affected by epidemic disruption (S2).
S1 represents normal care conditions at the MC, with an average
intake of 20 patients and two medical staff members who are
responsible for performing all care activities randomly at the
respective times. The medical staff is responsible for the patient
from the moment of admission until the patient leaves the
system. In this context, there are two medical staff members
working at two care locations, and the hours of operation are
from 8:00 a.m. to 4:00 p.m. On the other hand, S2 represents

Figure 3. Simulation of healthcare system saturation, from FlexSim.
Source: Own elaboration.

Figure 4. Medical care process, from FlexSim.
Source: Own elaboration.
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the operating conditions of the MC under the same
parameters with the interference of epidemic disruption,
which raises the average rate of patient arrivals to 100
people per day.

These scenarios are linked to performance indicators.
The first links to the simulation of human resources
management and infrastructure management, which
involves the number of medical staff and number of care
locations (PI1). In this case, the medical staff doubles in
conjunction with the care locations. The second links
changes in PI1 + extended service hours (PI12), where the
hours of service to the public are increased from 6:00 a.m.
to 10:00 p.m. The impact of resilience factors on the
system is analyzed separately and then in a joint action.
Each scenario is simulated during a full day of care within
the FlexSim virtual environment, using an accelerated
internal clock.

To control the stochastic variability of the system, ten
independent repetitions are run per scenario, using
different random seeds. This structure allows for
statistically robust results and minimizes the effect of
unwanted random events. In addition, the initial conditions
are kept constant in all simulations, ensuring that the
differences observed are due exclusively to the strategy
applied.

The scenarios are developed based on the actual
conditions of the medical center, considering its physical
constraints, number of care locations, hours of operation,
and current medical staff configuration. This approach
allows for a realistic representation of the system's
behavior under different demand management policies,
facilitating comparative evaluation and identification of
the most influential resilience factor in the operational
metrics proposed in the face of healthcare disruptions.

5  Experiment, results and analysis

In this phase, in S1, the MC operates under conditions
without any type of interruption that significantly increases
the demand for medical care services in the system, i.e.,
under normal conditions. In this case, it can be seen that
the metric for patients treated has an average of
approximately 16 patients, due to the initial limitations of
medical staff and existing care locations. On the other
hand, the number of patients not treated is approximately
4, due to the waiting time limit being exceeded, see Fig. 5.
These values reflect the relative stability of the system with
current resources and a sustained demand of 20 patients
per day. In terms of resource utilization, the effective use
of the two care locations is 16.70%, a low percentage
compared to the number of patients treated. Similarly, the
utilization of the two existing medical staff members in
direct care activities is 31.21%, see Fig. 6.

In S2, the metrics analyzed change dramatically, with
a bleak outlook for the MC due to its limited infrastructure
and medical staff. In Fig. 5, the increase in the average
number of patients requiring care from 20 to 100 causes
the number of patients treated to drop to approximately 10,
i.e., there is a 37.50% reduction in the initial system's
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Figure 5. Healthcare system performance.
Source: Own elaboration.
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performance. This value allows us to infer a negative response by
the system to epidemiological disruptions that drastically increase
the number of patients requiring medical care. Simultaneously, the
number of patients not treated, considered as a rejection rate, is 38
patients, which is equivalent to patient dissatisfaction due to
saturation of the care system. This is evidenced by the queue of 42
patients who, due to the size of the MC, do not receive timely care.
Here, the direct use of resources for medical care activities increases
to 22.37% for the use of care locations and to 38.45% for the use of
existing medical staff, see Fig. 6.

After analyzing the simulation scenario under normal
operating conditions and under operating conditions affected by
epidemiological disruptions, resilience factors are integrated as
an alternative improvement to the adverse scenario generated
by the crisis. First, IM and HRM are included, in this case
achieving an improvement in system performance with an
increase of 8 patients successfully treated and a reduction in
those not treated to 32 patients, see Fig. 5. In other words, the
result is close to doubling the performance of the system,
following the increase in medical staff and care locations,
however, the queue of patients remains. Here, care locations
slightly increase their utilization to 27.63%, while medical staff
utilization rises to 34%, see Fig. 6.
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In PI 2, extended working hours are added. In this case,
patients exceed three times the initial care capacity after
the epidemic disruption, and the number of patients treated
grows from 10 to 33. This also alters the number of patients
not treated, which is reduced to 20 patients, see Fig. 5. In
addition, resource utilization rises to 35.12% and 54.69%
in the use of care locations and medical staff, respectively,
making this the scenario with the greatest impact on crisis
management.

6 Discussion

The results obtained provide evidence of the dynamic
interaction between resilience factors in hospital settings
and operational metrics that allow for verification of the
MC's performance. Under normal operating conditions
(S1), the healthcare system shows relatively stable
behavior compared to its current limitations in terms of
both human and infrastructure resources, with an average
of 16 patients per day and a rejection rate of 4 patients.
However, after the system's transition to the high-demand
hospital service environment proposed in S2, there is a
notable deterioration in the capacity to respond to the
crisis. The number of patients treated is reduced to 10, and
the rejection rate increases dramatically to 38 patients,
with 42 patients in the queue. Here, the fragility of the
current system in the face of adverse scenarios such as the
proposed epidemiological disruption is evident, consistent
with realities during the COVID-19 pandemic.

These findings are consistent with those reported in
[22], which uses DES to model hospital preparedness and
indicates similar reductions in care capacity when service
demand increased by 400%. Similarly, reference [23]
documents a study of hospital capacity during the COVID-
19 pandemic, which generated a fivefold increase in the
usual demand for services. This demand led to the
saturation of the system, compromising the care of non-
COVID patients, in line with our results in S2.

The evaluation of the intervention of resilience factors
in healthcare settings shows that the scalability of
resources proposed in PI1 offers marginal improvements
that are not sufficient to effectively resolve system
saturation and increase its performance. Thus, the IM and
HRM intervention in PI1 reflects a moderate increase in
patients relative to the resources used, an approximate
increase of 8 patients relative to S2, and a partial reduction
in the rejection rate, while patient queues remain present.
In this case, improvements in resource utilization are
limited, with locations at 27.63% and medical staff at 34%.
This behavior in the model suggests that adding resources
does not address the root causes of the bottleneck, such as
flow capacity in critical routes and triage policies.
Therefore, although resource scalability is considered one
of the solutions, it may be insufficient when not
coordinated with the operational configuration and
management of medical service demand.

This result partially contrasts with the findings in
[24,25,26], which report significant improvements when
resources are increased in a context of lower initial
saturation. Here, the difference can be explained by the

sudden saturation following the increase in patients in our
study. In addition, it aligns with our research, as they define that
simply increasing resources and not optimizing processes is
equivalent to marginal improvements in the performance of the
healthcare system in Swedish hospitals. Thus, adding resources
without considering the reconfiguration of patient flows
substantially limits operational benefits. In this context, it
explains why patient queues remain constant despite the
increase in resources.

In contrast, the combination of resource scalability and
temporal flexibility proposed in PI2 produced significant
operational improvements in system performance. The number
of patients treated increased to 33, the number of patients not
treated was reduced to 20, and resource utilization rose to
35.12% in locations and 54.69% in medical staff. This behavior
arises from the distribution of demand over the increased time
frame for the service, taking advantage of existing capacity and
adaptive management of medical staff. Consequently, greater
utilization of personnel implies operational trade-offs, fatigue,
and increased personnel costs, which must be managed to avoid
impacts on the sustainability of human resources.

Our model is based on data from a specific MC, which
limits direct generalization. The duration of the simulation and
independent repetitions could benefit from longer periods. The
study focuses on two specific factors (IM and HRM), while the
literature identifies additional factors such as financial
management and supply chain that could have a significant
influence.

From a hospital policy and management perspective, these
results indicate that operational flexibility should be prioritized
over capacity expansion. Extended hours emerge as an
intervention that significantly increases capacity during
emergencies. The findings support integrated approaches to
resilience management, where the combination of factors is
more effective in increasing health system performance than
isolated interventions.

For hospital administrators, the study provides quantitative
evidence to justify investments in simulation capabilities as
tools to support evidence-based decision making based on
proprietary data, reducing risks associated with decisions made
under pressure during crises caused by epidemiological
disruptions. It is recommended that the model be extended to
include other resilience factors such as financial management
and supply chain management. Future studies should explore its
applicability in different types of healthcare facilities.

This study demonstrates that DES is a powerful tool for
decision-making by identifying resilience factors in healthcare
settings, which are key during epidemiological crises. The
findings are particularly relevant in a post pandemic context,
where health systems seek to promote sound decision-making
in the face of emerging crises to improve the system's
adaptability to adversity and significant variations in demand
for medical services. The methodology and perspectives
generated provide a basis for more effective public health
policies and the optimization of limited hospital resources.

7 Conclusion

This study
management of hospital

contributes to the understanding and
resilience in contexts of
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epidemiological disruptions through DES. The findings
reveal that temporal flexibility is a more effective factor
than simple resource scalability. In particular, the
combination of both mechanisms allows for a substantial
reduction in unattended patients, while simultaneously
increasing the balanced utilization of locations and
medical staff. Thus, these metrics together demonstrate
improved system performance. The methodology
developed provides a replicable systematic framework for
evaluating hospital resilience strategies, successfully
integrating resilience factors with operational metrics and
supporting the idea that resilience in healthcare
environments does not depend on isolated interventions,
but rather on the integration of existing factors. In this
regard, the answers to the research questions are presented
below.

RQIl: How do resilience factors contribute to
maintaining operational performance during scenarios of
high demand for medical services? Adequate management
of resilience factors in healthcare settings, combined with
temporal flexibility, increases the system's responsiveness
to potential epidemiological disruptions. It allows for an
improvement in the number of patients treated
satisfactorily, significantly reduces the rejection rate,
improves the use of existing medical resources and
facilities, and increases the fluidity of the system. This
allows for better management of potential health crises and
self-analysis of current conditions, in order to be prepared
for a sudden increase in demand for medical services. In
this way, stability in care systems and viability in changing
environments are sought.

RQ2: How could simulation models help healthcare
administrators improve decision-making? This study
demonstrates that DES allows us to anticipate the effects
of applying changes in variables related to resilience
factors in healthcare during crisis scenarios. This generates
quantitative evidence for strategic, tactical, and
operational decision making. The simulation model shows
that integrating temporal flexibility and resource
scalability can transform a scenario with a high rate of
unattended patients into one where responsiveness is
improved. In addition, through the analysis of operational
metrics, healthcare administrators are provided with a tool
to balance operational efficiency and system sustainability
before making actual changes at random.

Innovatively, unlike previous studies that primarily
assess isolated resilience interventions, this research
theoretically demonstrates, through comparative discrete-
event simulation across baseline, disruption and
intervention scenarios, that combining resource scalability
with temporal flexibility yields superior adaptive
performance, advancing resilience theory for hospital
crisis management.

The limitations of the study are mainly: (i) a model
focused on human resources and physical infrastructure,
without incorporating other critical factors such as
financial management and supply chain management; (ii)
the difficulty of considering the impact on medical staff of
social factors such as emotional state, fatigue, and burnout,
which directly influence the performance of medical staff.

With respect to the research methodology, further research is
proposed to extend the model by including other factors of
resilience in healthcare settings. Future studies should focus on
exploring the applicability in different types of healthcare
facilities: (i) high-complexity hospitals; (ii) community clinics,
and (iv) primary care medical centers over extended periods,
allowing for verification of the system's behavior following
healthcare personnel fatigue and its influence on system
performance.
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