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ABSTRACT

Emergency Departments (EDs) are among the most complex areas in healthcare, requiring immediate medical
attention for acute and urgent conditions. Optimizing staff configurations to reduce patient Length of Stay (LoS)
and improve operational efficiency poses a significant challenge due to the combinatorial and high-dimensional
nature of the problem. To identify the most effective staff configuration, we propose a heuristic optimization
strategy that is based on the Montecarlo Clustering Search Algorithm (MCSA), which efficiently explores the
multidimensional solution space. MCSA leverages an agent-based simulation (ABM) model that evaluates each
proposed staff configuration under realistic operational conditions, providing Key Performance Indicator (KPI)
feedback values related to each proposed staff configuration. Through this strategy, we explore staff configu-
rations capable of handling patient volumes with varying acuity levels in an ED to optimize the LoS KPI. Results
demonstrate that our methodology is capable to find a solution as a staff configuration that reduces LoS
compared to a baseline, offering a computationally efficient and practical tool for decision-makers. We identified
solutions by exploring less than 1% of the total search space, demonstrating the efficiency of the proposed
approach in addressing complex optimization problems. This approach supports informed planning in healthcare
environments while maintaining system feasibility and scalability.

1. Introduction

Hospital information systems increasingly provide real-world data,

approaches for exploring high-dimensional solution spaces, particularly
when problems are too complex for traditional analytical or exhaustive
methods.

which enhances analysis and insights for ED managers in decision-
making. However, leveraging this data effectively adds to the inherent
complexity of management, as the optimization of resource allocation
and workflows requires exploring large, multidimensional search
spaces. This makes the problem not only computationally complex but
also organizationally demanding, requiring robust methodologies to
identify feasible and efficient solutions.

Simulation and heuristic methods are two complementary strategies
widely applied to solve complex optimization problems in fields such as
logistics, engineering, and healthcare. Simulation enables the modeling
of dynamic systems through computational experimentation, allowing
decision-makers to assess the effectiveness of alternative strategies in
controlled environments. In contrast, heuristic methods offer practical
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Moreover, testing new staff policies in live systems is typically un-
feasible, making simulation a vital tool for predicting the impact of staff
decisions by analyzing the Key Performance Indicators (KPIs) such as
patient Length of Stay (LoS). When paired with heuristic search, simu-
lation provides a robust framework for exploring and evaluating diverse
strategies under realistic conditions.

This work presents a search methodology based on the Montecarlo
Clustering Search Algorithm (MCSA), a stochastic heuristic that explores
discrete, multidimensional staff configurations within a combinatorial
search space. Each configuration corresponds to a unique arrangement
of senior and junior staff—doctors, nurses, and support personnel—a-
cross ED units. As the number of variables increases, the solution space
grows  exponentially, making exhaustive search methods
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computationally infeasible. To assess their performance, MCSA relies on
an independently validated agent-based simulation (ABM) model, which
simulates the dynamic behavior of an Emergency Department (ED)
under realistic conditions. The ABM—developed by the HPC4EAS
research group at Universitat Autonoma de Barcelona (UAB) in collab-
oration with Hospital Tauli—provides KPIs for each evaluated
configuration.

A key feature of MCSA is its ability to progressively reduce the search
space. It begins with Montecarlo-based sampling to explore a broad
range of solutions and then applies a clustering phase to identify and
exploit Feasible Regions, where high-quality configurations tend to
concentrate. This iterative refinement improves computational effi-
ciency by focusing the search on the most promising areas. Hospital
Tauli, serving over 160,000 patients annually, provides the operational
context and real-world data used throughout the simulations (Liu,
Cabrera, Rexachs and Luque, 2014).

1.1. Hypotheses

The increasing patient flow in ED presents an ongoing challenge in
resource allocation, directly impacting wait times and overall service
quality. Despite advancements in modeling and simulation, traditional
staff assignment strategies often rely on fixed rules that fail to adapt to
fluctuating demand. In this context, there is a growing need to perform
stochastic search strategies that leverage agent-based simulation,
enabling a coordinated exploration of complex solution spaces in
healthcare operations. A promising technique is our MCSA heuristic,
which explores staff configurations without resorting to exhaustive
search methods. Our methodology is built upon the following
hypotheses:

o H1: Effective adjustment of ED staff configurations can improve the
patients LoS.

e H2: MCSA Heuristic can identify efficient staff configurations within
a high-dimensional space, under real-world constraints.

e H3: MCSA is more computationally efficient than exhaustive search
methods in optimizing KPIs related to ED staff allocation.

To test these hypotheses, realistic ED scenarios were simulated, using
MCSA to propose configurations and the ED simulator to assess their
performance. The methodology aims to demonstrate that effective so-
lutions can be found without exploring the full combinatorial space and
that simulation-based feedback enables alignment with real operational
goals. Additionally, the simulation provides means to align management
objectives, particularly improving operational efficiency.

1.2. Generalization of the optimization problem

This study addresses a combinatorial optimization problem: identi-
fying a configuration of medical staff (e.g., junior/senior doctors, nurses,
support personnel) to minimize patient LoS. Each decision variable
represents a staff role, bounded by realistic operational constraints. The
size of the search space renders exhaustive evaluation infeasible. This
problem typifies challenges found in other domains such as production
planning, network design, and scheduling Boresta, Giovannelli and
Roma (2024), where discrete decisions must be made under constraints.
Therefore, the complexity arises from the vast number of possible staff
configurations and operational constraints such as personnel availability
and resource capacities. Due to the infeasibility of exhaustive evalua-
tion, our approach employs a heuristic based on Montecarlo sampling
combined with the ABM ED Simulator to evaluate candidate solutions
under realistic ED dynamics. The detailed problem formulation and
optimization approach are presented in the methodology section. The
remainder of this paper is organized as follows: Section 2 reviews related
works in healthcare optimization.

Section 3 details the MCSA algorithm and its application to the ED
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context. Section 4 presents experimental validation. Section 5 discusses
the full implementation and results analysis. Section 6 concludes and
outlines future directions.

2. State of the Art

Optimization in the context of EDs has been extensively addressed
using both heuristic search (Chen, Huang, Chiang and Yu-Hsin Chen,
2020; Tomar, Bansal and Singh, 2024; Lameesa, Hoque, Alam, Ahmed
and Gandomi, 2024) and simulation methodologies, each offering
distinct advantages.

Heuristic methods, including evolutionary algorithms and meta-
heuristics such as Genetic Algorithms (GA), Particle Swarm Optimiza-
tion (PSO) or Simulated Annealing (SA), among others (Abdalkareem,
Amir, Al-Betar, Ekhan and Hammouri, 2021; White, Nano, Nguyen-Ngoc
and White, 2007), have been widely used to solve complex staff
scheduling problems in healthcare. These approaches, while efficient in
identifying near-optimal solutions, often focus on isolated components
such as nurse shift assignment or fatigue-aware scheduling under static
assumptions. For instance, Ceschia et al. (Ceschia, Di Gaspero, Maz-
zaracchio, Policante and Schaerf, 2023) proposed a Simulated Anneal-
ing model incorporating skills and preferences, applied to real hospitals
in Italy. Similarly, Amindoust et al. (Amindoust, Asadpour and Shir-
mohammadi, 2021) developed a hybrid evolutionary algorithm
considering fatigue in pandemic contexts, while Valouxis et al.
(Valouxis, Gogos, Goulas, Alefragis and Housos, 2012) introduced a
multi- objective evolutionary framework that balances safety, service
quality, and staff wellbeing.

Despite these advances, a common limitation of such methods lies in
their lack of availability to work with operational data or real-time
system dynamics. Most rely on synthetic datasets or simplified con-
straints, making their adaptation to real-world, high-dimensional ED
environments challenging.

On the simulation side, several techniques have been proposed to
model hospital workflows. Discrete Event Simulation (DES) has been
used to analyze patient flow and queuing performance Forbus and
Berleant (2022); Vecillas Martin, Berruezo Fernandez and Gento Muni-
cio (2025), while System Dynamics (SD) focuses on aggregate trends,
offering insights into long-term policy impacts. However, both ap-
proaches lack the granularity needed for evaluating the operational
consequences of micro-level staff adjustments. Agent-Based Simulation
(ABS) (Tisue and Wilensky, 2004), by contrast, models individual in-
teractions between patients, staff, and resources, capturing emergent
behaviors in complex systems. The use of ABS in ED contexts, such as in
the works of Cabrera et al. (Cabrera, Taboada, Iglesias, Epelde and
Luque, 2011) and Bruballa et al. (Bruballa, Wong, Rexachs, Luque and
Epelde, 2017), has demonstrated its capability to reflect system vari-
ability and support scenario evaluation.

Nonetheless, these simulation-based studies often evaluate pre-
defined scenarios rather than actively optimizing staff configurations.
They provide valuable performance insights but do not incorporate
search mechanisms for configuration improvement.

To address these limitations, recent studies have begun exploring
hybrid models that combine simulation and heuristic optimization.
These hybrid approaches leverage the realism of simulation with the
search power of heuristics, aiming to find efficient configurations while
preserving system fidelity. Applications range from hospital disinfection
scheduling Juan, Faulin, Grasman, Rabe and Figueira (2015) to dynamic
logistics Wilensky and Rand (2015), Tutsoy and Tanrikulu (2022),
demonstrating versatility in complex environments. However, many of
these hybrid frameworks either focus on limited dimensions or lack a
formal exploration mechanism for large solution spaces.

Unlike previous models that are either search-driven with static as-
sumptions or simulation-based with no optimization, our proposal in-
troduces a coordinated strategy: a heuristic search process (MCSA)
guided by feed- back from an independently validated agent-based
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simulation model of a real ED. This methodology addresses the multi-
dimensionality of real EDs, accounting for multiple staff roles, while
incorporating constraints such as minimum/maximum staff levels and
inter-role dependencies. The proposed method does not merely simulate
to obtain KPI outcomes, but actively refines configurations in a feedback
loop based on such outcome vallues. The proposed contribution differs
from existing literature in key aspects, such as: (1) Stochastic explora-
tion leverages a simulation- based evaluation, providing both solution
quality and system fidelity. (2) It addresses real-world dimensionality
and constraints, validated on operational data from Hospital Tauli, a
high-volume ED in Spain, and (3) It avoids the need for exhaustive
search, offering a scalable and traceable optimization method for
decision-makers in critical care settings. Furthermore, although our
application is healthcare-focused, the underlying methodological
framework—namely, hybrid simulation-heuristic coordination—has
proven valuable in domains such as manufacturing scheduling, telecom-
munications, and disaster response planning. By acknowledging these
broader contexts, we aim to situate our approach within a wider tradi-
tion of solving complex allocation problems using flexible methods.
These contributions positions our work at the intersection of advanced
heuristic search and high-fidelity simulation, offering a novel frame-
work for data-driven staff optimization.

In contrast to recent general-purpose optimizers such as the RUN
algorithm Ahmadianfar, Heidari, Gandomi, Chu and Chen (2021),
which leverage mathematical strategies like the Runge-Kutta method to
move beyond metaphor- based heuristics Samadi-Koucheksaraee,
Shirvani-Hosseini, Ahmadianfar and Gharabaghi (2022), our approach
is domain-specific and designed for practical applicability in high-
dimensional, simulation-driven environments like Emergency De-
partments (EDs). While metaphor-free and theoretically grounded al-
gorithms have proven effective across a range of engineering contexts
Ahmadianfar, Samadi-Koucheksaraee and Razavi (2023), their use re-
mains limited when complex, stochastic simulations are required for
solution evaluation. Our methodology does not focus on outperforming
optimization algorithms, but on providing healthcare decision-makers
with a scalable framework for real-world operational planning.

Our approach does not assume a predefined parametric model;
instead, it employs a heuristic (MCSA) guided by simulation-based
evaluations to identify viable staff configurations under complex, dy-
namic, and uncertain conditions. Unlike models commonly used in fields
such as population genetics and epidemiology, our methodology focuses
on local resource allocation (e.g., doctors, nurses) and optimizing per-
formance metrics. This distinction in scale and scope underscores the
nature of our work: providing tactical optimization tools for hospital
decision-makers aiming to enhance efficiency in highly variable
environments.

To illustrate the structure and dynamics of the simulation model
employed in this study, Fig. 1 provides a schematic overview of the ED
simulator as used in conjunction with our methodology. The simulator is
treated as a calibrated system, previously validated using empirical data
from Hospital Tauli. It operates with two types of input:

 Calibration :
: N
External inputs KPIs
(patients, arrival distribu.) ED (e.g. LoS)
Internal inputs Simulator Patients
(staff configuration) )—>

Fig. 1. This schematic highlights how the simulation plays an important role in
bridging the gap between abstract search (MCSA) and real-world perfor-
mance evaluation.
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e External inputs: Representing real-world elements outside the con-
trol of decision-makers, such as patient inflow patterns and arrival
distributions. These values are derived from historical data and
reflect observed fluctuations across time (e.g., hourly, daily, or sea-
sonal variations).

Internal inputs: Defined by the user and representing the configu-
ration of medical personnel (e.g., numbers of senior and junior
doctors, nurses, and technicians). These variables form the search
space over which our heuristic algorithm (MCSA) operates.

On the output side, the simulator provides:

e A list of KPIs, including the LoS, staff occupancy, and patients queue
in admission and triage phases. These metrics are used to evaluate
the quality of each configuration.

Other outputs, such as the simulated patient dispatch behavior, are
generated by the simulator to reflect system dynamics, although they
are not directly utilized in our methodology.

3. Montecarlo clustering search algorithm (MCSA)

MCSA is a heuristic designed to explore high-dimensional search
spaces in combinatorial optimization tasks. In this context, the problem
of identifying optimal ED staff configurations is reformulated as a
discrete optimization problem. The search begins by sampling diverse
combinations of staff allocations, treating each as a candidate solution.
However, evaluating feasibility and performance is essential. To address
this, each configuration is assessed within a realistic and dynamic
environment using simulation, which provides quantitative feedback (e.
g., LoS) for guiding the search process.

The MCSA methodology consists of two main phases. During the
Exploration Phase, random sampling is performed within an n-dimen-
sional space, guided by a fitness function to identify promising config-
urations. In the subsequent Exploitation Phase, clustering techniques
refine the search. A density-based analysis first locates high- potential
regions, followed by centroid-based clustering to focus the optimization
effort. The method has been enhanced for scalability to high-
dimensional, combinatorially complex problems in prior studies Har-
ita, Wong, Rexachs del Rosario and Luque Fadon (2021), enabling effi-
cient identification of high-quality solutions.

The algorithm was validated using standard mathematical bench-
mark functions (Mohamed, Sallam, Agrawal, Hadi and Mohamed,
2023), assessing both performance and solution quality. Robustness was
evaluated through over 200 independent runs with varying random
seeds, consistently converging to the same solutions. This repeatability,
as reported in Harita et al. (2024), confirms the algorithm’s stability.
Scalability was examined by incrementally expanding variable ranges,
with MCSA maintaining consistent convergence behavior. Fig. 2 illus-
trates the application of the algorithm to the Michalewicz and Griewank
functions as two representative benchmark cases.

The methodology was subsequently applied to combinatorial opti-
mization problems, such as the Knapsack Problem (KP01) (Karp, 1972;
Penn, Hasson and Avriel, 1994). This required redefining the search
space in MCSA terms to capture all unique solution combinations. Each
variable contributes to the dimensionality of the space, and the total
number of configurations grows exponentially, e.g., 2" in binary cases or
11" R; in more general scenarios where.

R; represents the range of the ith variable. In decision problems like
the Knapsack Problem, each subset of items represents a potential so-
lution, with binary inclusion decisions. The exponential growth of the
search space quickly renders exhaustive methods computationally
infeasible for large instances. As a result, heuristic approaches become
essential to efficiently navigate the space by focusing on high-potential
regions, as discussed in Harita, Wong, Rexachs and Luque (2022).

Other recent metaheuristic methods such as the Gradient-Based
Optimizer (GBO) Ahmadianfar, Bozorg-Haddad and Chu (2020) and
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Fig. 2. Flowchart of the MCSA Heuristic, illustrated in the context of its evaluation using a benchmark function. The methodology and algorithmic details are
extensively described in Harita et al. (2024), and this diagram provides a visual overview of the main components and flow of the approach during the optimi-

zation process.

the Weighted Mean of Vectors algorithm (INFO) Ahmadianfar, Heidari,
Noshadian, Chen and Gandomi (2022) have shown strong performance
in abstract mathematical benchmarks and constrained engineering
problems. These algorithms emphasize enhanced exploration and
convergence strategies through hybrid mechanisms. However, their
evaluation is typically performed on artificial test functions or synthetic
design tasks, focusing on generic performance metrics like convergence
rate or success ratio. In contrast, our methodology is not aimed at
generalized benchmarking but at solving a domain-specific, real-world
problem: staff configuration in a hospital ED. Here, optimization is
achieved through iterative interaction with a validated simulation
model, using operational KPIs as evaluation criteria under realistic
constraints and uncertainty. This differentiates our contribution by
focusing on practical applicability and decision support, rather than

AGENT-BASED

SIMULATION MODEL

Input parameters
for simulation

List of KPIs:

Patient arrival * Patients Queue

_ e Emergency e
(his torical data) Department . Los
Simulator + Physical
(ED Simulator) Resource
-1 Staff Occupation

Configuration

e Others
&

¢ Staff Occupation

Output from ED simulator

(et )

4

Evaluation of staff configuration if best
solution is not found. Goto new simulation

N ]

How can a hospital ED Manager better plan his or her Medical
Staff and physical resources for times of variable demand?

algorithmic novelty alone.

3.1. MCSA and the ED simulator

This work aims to demonstrate the feasibility of generating practical
and implementable ED staff configurations by means of the MCSA
heuristic leveraging a validated ABM ED simulator. This hybrid
approach leverages stochastic exploration to efficiently navigate the
high-dimensional search space, while simulation captures the opera-
tional complexity of the system. The optimization focuses on minimizing
patient LoS, an essential KPI in emergency care.

The ED simulator, validated in prior studies such as Taboada
Gonzalez (2013), reproduces realistic system behavior under diverse
resource configurations. MCSA iteratively uses simulation outputs to

MCSA HEURISTIC

MCSA parameters:
-add restrictions
-add constraints

Output from MCSA

MCSA

Optimization Best solution
KPI: LoS Process. found:
Set as objective consfiega\::e::is::f:hat Medic St
function A F
e ——— Configuration that

minimizes KPI

ANALYSIS AND DECISION-MAKING

Fig. 3. Methodology flowchart showing the interaction between ABM and MCSA. The diagram outlines the feedback loop in which MCSA proposes staff configu-
rations as input to the simulator. The simulator evaluates each configuration and returns KPI outputs, which guide the next iteration of the exploration process. This

structure reflects the core logic of the optimization framework.
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guide its search, refining candidate solutions through a feedback loop.
As shown in Fig. 3, the simulator evaluates each configuration and
returns KPI metrics, which the heuristic uses to generate improved staff
scenarios. This closed-loop interaction ensures that the optimization
process remains data-driven and context-aware.

3.2. Framing the ED staff configuration problem for MCSA: Exploration
phase

This study formulates the ED staff problem as a combinatorial opti-
mization task, addressing both human and physical resource allocation.
Each candidate solution is represented as a vector of discrete decision
variables, corresponding to personnel types (e.g., doctors, nurses,
technicians) and critical resources (e.g., careboxes). The dimensionality
of the problem, combined with interdependent constraints, generates a
vast and complex search space. To efficiently explore this space, MCSA
employs Montecarlo sampling to generate candidate configurations.
Each sampled point represents a potential resource allocation, con-
strained within predefined bounds that reflect real-world operational
limits. These configurations are then evaluated through the ED simu-
lator, allowing the heuristic to assess the impact of each on KPIs. The
primary optimization objective is to minimize the average Length of
Stay (LoS), a recognized indicator of patient flow efficiency and service
quality Mehrolhassani, Behzadi and Asadipour (2025). Constraints such
as staff availability, space limits, and operational rules are embedded
directly into the sampling ranges to ensure feasibility. For the proof-of-
concept, personnel availability constraints were embedded directly into
the sampling ranges to exclude non-viable regions of the search space.

3.3. Optimization problem formulation

This study addresses a combinatorial optimization problem aimed at
identifying ED staff configurations that minimize operational delays,
specifically measured by LoS. The decision variables depict a high-
dimensional, discrete search space encompassing the number of staff
per role and physical resources. Due to the inherent complexity and
stochastic interactions within patient flows and resource dynamics,
deriving analytical or closed-form models is not tractable. Instead, an
externally validated agent-based ED simulator is used to evaluate each
configuration’s performance by producing relevant KPIs.

To formalize the proposed approach, we introduce here the mathe-
matical structure of the problem, including the definition of decision
variables, the stochastic evaluation process, and the formulation of the
objective function used in the optimization phase. Unlike classical
optimization with closed-form objective functions, here the objective
function is implicitly defined by the simulation outputs. To clarify this
relationship, we define two interconnected mappings:

y = f(internalparameters, externalparameters)

here, the function f represents the simulation model where the internal
parameters are fixed calibration factors of the simulation model (e.g.,
agents interaction times) and other internal aspects. In contrast, the
external parameters represent operational decision variables including
the number of doctors, nurses, technicians, and the physical resources.
These variables define the search space and will be adjusted by MCSA,
thereby narrowing the range of exploration to viable scenarios. Once a
configuration is generated, the simulator computes the relevant KPIs,
which serve as performance measures for that configuration. MCSA then
applies an objective function, denoted here as:

¥ = g(KPI)

The function g represents the optimization objective used by MCSA
to evaluate and compare configurations, usually with the goal of mini-
mizing a target KPL. In this setup, the simulator encapsulates the oper-
ational constraints and dynamics of the ED, while MCSA guides the
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search toward configurations that enhance the performance metric
returned by the simulation. This iterative framework allows the search
to focus on high-potential regions of the solution space, enabling effi-
cient refinement toward configurations that yield improved operational
outcomes.

For each configuration i, the simulator is executed n = 15 times to
account for the stochastic nature of the system. Each execution returns a
single LoS value, which internally represents the average across five
patient types. These values form the set:

LoS' = {LoS',LoS', ...LoS'}
MCnl2n

The arithmetic mean of this set represents the expected performance
of configuration i, and is defined as:
13" LoS!
uLoS(i) = L
Nj—1
This average is used as the objective function in the optimization
process:

F(@) = ppos(i)
Formally, the objective function used by the heuristic can be
expressed as:

0 = 13 LoS]

@

Nj—1
where:

e i: proposed staff configuration.

e n = 15: number of independent Montecarlo simulation runs per
configuration.

e LoS: LoS value obtained from the j-th simulation run for configura-
tion i, internally averaged over patient types.

e f(i): objective function value, defined as the average of LoS across the
n simulations.

The complete process ensures that each evaluation yields a statisti-
cally stable performance estimate, enabling meaningful comparisons
between configurations despite the stochastic nature of the system.
Fig. 4 illustrates the MCSA sampling procedure within a multidimen-
sional decision space, simplified here to two dimensions for clarity.

In the diagram, each axis corresponds to a decision variable (such as
the number of doctors or nurses) allocated. Due to the combinatorial
structure of the problem, the search space grows exponentially with the
number and range of variables, underscoring the complexity of the task.
The figure highlights how each candidate configuration is sampled and
evaluated using the ED simulator, which returns KPIs that inform the
heuristic’s next steps. This process of iterative sampling and evaluation
continues until the algorithm converges to a stable Montecarlo map of
candidate solutions.

Algorithm 1 get_func_val(samples)

0: if number_of generated_samples < SamplesPerItMC then

0: if list is valid according to verify_list (restrictions) then

0 Append list to ListCoord

0: end if

0: end if

0: if number_of generated_samples = SamplesPerItMC then

0: Write ListCoord to disk using WriteEDSamples

0: Initialize empty list of processes

0: Build command to execute all samples with EdLauncher.sh to run N ED simulators
0: Launch the command

0: Initialize empty KPIList

0:for each process launched do

0: Wait until it finishes

0: for each sample processed do

0: Process sensor file to obtain queues, occupancy, and LoS

(continued on next page)
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Fig. 4. Diagram illustrating MCSA sampling process of staff configurations and the subsequent evaluation by the ABM which outputs corresponding KPI values.

MCSA iteratively generates and refines samples, until convergence.

(continued)

Algorithm 1 get_func_val(samples)

0. Compute KPI using SelectKPI

0 Append KPI to KPIList

0: end for

0: end for

0: Increment Montecarlo iteration number (HIteration)
0: return ListCoord, KPIList

0: else

0: return None,

None 0: end if = 0

From the ED simulator, a list of KPI values (e.g., LoS) is returned after
multiple executions. These values are averaged to compute the objective
function f(i), which is then fed back to MCSA, allowing it to assign a
performance score to that specific sample. This iterative feedback loop is
implemented as shown in the Algorithm pseudocode 1, which outlines
the function responsible for orchestrating the simulation calls, waiting
for the results, and retrieving the averaged KPI value used in the opti-
mization process, guiding the search toward feasible regions over time.

The simulation time of each sample plays an important role in linking
the heuristic search with the simulation process. Running a full simu-
lation for every possible configuration would be computationally
expensive; MCSA strategically selects a limited number of samples,
optimizing resource usage. By managing the number of evaluations and
executing multiple configurations simultaneously in batch mode, MCSA
ensures an efficient search process without requiring exhaustive explo-
ration. As the simulation progresses, staff and resource agents interact
with patient flow and triggers events that directly influence KPIs. This
iterative process illustrates how resource variability dynamically affects
system performance over time, emphasizing the necessity of optimizing
staff configurations to maintain operational efficiency.

Upon completion of the simulation, the KPI output from each run is
assigned as the function value (i) = KP I to its corresponding coordinate
within the MCSA search space. As our primary performance index, we
define the global LoS as pLoSkp;, representing the aggregated mean LoS
across all patient types. For each candidate configuration, the simulator
is executed 15 times to account for stochastic variability. In each of the
15 simulation runs, the LoS metric is computed individually for each of
the five patient types defined in the model. These five values are then
weighted and averaged within each run to produce a single represen-
tative LoS value per simulation. The global pLoSkp; for a given config-
uration is then calculated as the mean of these representative values
across all 15 repetitions. This global score is used as the performance
indicator assigned to the evaluated configuration during the optimiza-
tion process.

The distribution of the resulting LoS values across simulations

approximates normality, thereby supporting the use of pLoSkp; as a
stable and representative performance metric.

Successive sets of samples are produced and their adequacy assessed
(comparing the mean values of each set)

through the fitness function F, which evaluates the similarity be-
tween the average values of different sample sets. Specifically, the
sampling process stops when the difference between the mean values of
two consecutive sets is negligible, this is: pj — pi * < €, where p; and pi’?
are the mean values of the current and previous sample sets, respec-
tively, and € represents a predefined threshold (e.g., convergence within
one or two decimal places). Once this convergence criterion is met,
indicating that additional sampling would not significantly improve the
results, the final Montecarlo map is established and MCSA transitions to
the Exploitation phase.

3.4. Constraints

The optimization model incorporates a set of constraints to ensure
that all evaluated configurations are operationally feasible within an ED
environment. These constraints reflect practical limits on staff avail-
ability and resource capacity, as defined by institutional policies or
operational guidelines.

1. Minimum and maximum staff levels: Each medical staff type (e.
g., doctors, nurses, technicians) must be assigned in quantities that fall
within a predefined valid range. Both junior and senior personnel for
each role must adhere to these bounds:

0<Pype junior<Maxyyp, Vtype € MedicalStaff 2

0<Ptype, senior<Maxtype Vtype € MedicalStaff 3)

2. Total staff capacity per role: For each medical staff type, the
combined number of junior and senior personnel must not exceed the
maximum capacity defined for that role:

Ptype,junior,i + Ptype,xenior.igMaxg/pevtype € MedicaLStaffv Vi

€ StaffConfigurations “@

where:

® Piype junior denotes the number of junior personnel of a given type (e.
g., junior nurse).

® Piype senior denotes the number of senior personnel of that same type
(e.g., senior nurse).

o Maxype represents the maximum allowable total number of staff for
that role, regardless of seniority.

It is important to clarify that, while junior and senior personnel
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within each staff category may individually be assigned a value of zero,
their combined total must always remain within operationally accept-
able bounds. This constraint maintains flexibility in workforce alloca-
tion while ensuring that the ED staff remains functional.

The inclusion of zero in the parameter ranges reflects the structure of
the search space axes rather than implying that all-zero configurations
are feasible or desirable. Even if certain roles are temporarily assigned
zero personnel, overall operational coverage is preserved through
redundancy in other staff categories. MCSA internally enforces these
constraints and automatically filters out infeasible configurations to
ensure that the optimization process focuses exclusively on solutions
that are both realistic and practically implementable within an ED
environment. This modeling strategy enables a robust and flexible
search while preserving operational integrity.

3.5. Exploitation phase

The simulation process offers a deeper insight into how various
strategies impact system performance. KPIs like occupancy levels help
evaluate the effectiveness of the solution. Post-simulation analysis en-
sures the selected configuration works in practice, without the need for a
traditional objective function, as KPIs are directly calculated by the
simulation. Once the sample map is generated, MCSA moves to the
second phase, Exploitation, where the search is refined by focusing on
promising areas.

A key challenge in this phase is identifying promising areas in the
search space, which is where clustering comes in. Montecarlo simula-
tions generate a dense map of sample points, and DBSCAN Ester, Kriegel,
Sander and Xu (1996) clustering is used to group them based on spatial
density. High-density regions suggest potential solutions, while sparse
areas are discarded. This approach focuses the search on viable regions,
improving efficiency by filtering out unlikely configurations. Samples
are grouped into clusters and form the Feasible Regions, allowing for the
identification of high-quality solutions.

The next step involves partitioning the Montecarlo map into intervals
based on the distribution of sampled points to facilitate further refine-
ment. The Montecarlo map is segmented into intervals along the (i) axis,
ranging from the lowest to the highest observed objective function
values. Fig. 5 illustrates this segmentation process. The left panel dis-
plays the complete Montecarlo map, while the right panel presents a
vertical plane view, where function values f(i) = p(LoSmcn) are plotted
against the corresponding configuration points. These function values,
denoted as pLoS, represent the average LoS (in minutes) obtained from
multiple simulation runs. The figure also highlights the lower and upper

. HIGHER INTERVAL
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MC1_3
MC1 1 MC1_2
' . EFFECTIVE
& -
~>
MCO_3
LOWER INTERVAL

Fig. 5. Visualization of the search space before and after detecting dense re-
gions, or regions with a high concentration of samples. To perform the cutting
process, we begin by dividing the map along the f i axis to locate what we call
high-density regions.
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interval boundaries along the f (i) axis. Intervals are analyzed sequen-
tially from the lowest values upward, guided by two predefined stopping
criteria:

e Criterion 1: If the upper limit of the interval is reached, the process
stops, and the cut is made.

Criterion 2: If more than one high-density region (cluster) is found in
two consecutive intervals, the process steps back two intervals to the
point where the highest number of clusters was observed. At this
point, a counter is reset to 1, meaning the process restarts from this
previous interval to reevaluate the area with significant cluster
density. This mechanism avoids continuing into regions of lower
density and ensures the analysis focuses on meaningful areas without
requiring a complete examination of the Montecarlo map.

Once high-density regions are identified, indicating potential solu-
tions with desirable properties, these regions are prioritized for further
exploration. Less promising areas above the upper cut limit are dis-
carded, while those below the lower cut limit, with higher sample
density, are retained.

To further refine the groups, we apply the k-means algorithm Mac-
Queen (1967); Ikotun, Almutari and Ezugwu (2021); Yastrebov, Kubus
and Poczeta (2023) to dense areas, dividing the data into more precise
clusters based on Euclidean distance. This two-step strategy first cap-
tures dense regions and then optimizes the positions and boundaries of
the clusters, as shown in Fig. 6. Empirical testing set k = 4, balancing
computational efficiency with effective differentiation. The algorithm
shifts centroids towards areas with higher sample density, subdividing
clusters into meaningful subgroups. The k-clusters containing values
that represent potential solutions, with multiple clusters indicating
multiple global minima at different locations.

At this point, the complete execution of MCSA has ended. However,
the iterative nature of the algorithm comes into play. We shift our focus
towards Feasible Regions to initiate a new exploration process, with
these regions becoming the new search space. The goal is to continue
finding and exploiting new solutions within the reduced space, aiming to
improve results and avoid getting trapped in local minima. Additionally,
each time we obtain a new solution, it will be compared with the pre-
vious one. This strategy of continuous improvement refines the search
space and improves the quality of the solutions until it can no longer be
enhanced.

4. Experimental validation
4.1. Preamble
effectiveness

To assess the of MCSA in identifying staff

mci 2 SEARCH SPACE

NEW HIGHER
INTERVAL

K-MEANS
CLUSTERS
k=4

Reexplore
Feasible P i
Regions » on Feasible

Regions

LOWER INTERVAL

Fig. 6. After identifying dense regions, k-means clustering is applied, dividing
the data into 4 k-clusters.
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configurations, we implemented a structured experimental framework.
The optimization process includes both phases—exploration and
exploitation—and is conducted without prior knowledge or predefined
assumptions.

Although local sensitivity analysis (e.g., small variations in nurse or
capacity levels) is feasible, it is computationally expensive due to the
cost of simulation per change. Rather than exhaustively evaluating the
entire search space, MCSA focuses on progressively refining the search
toward high-potential regions. Fig. 7 illustrates the patients flow
through the ED modeled in the simulator, a configurable input that al-
lows adaptation to various real-world conditions or hypothetical sce-
narios. For the primary optimization, the patient arrival pattern is
assumed constant, based on typical hospital records across different
times of the day and week. This simplifies the optimization of staff
configurations without the complexity of fluctuating arrivals. The
simulation runs over 90 days, offering a comprehensive analysis within a
realistic operational time-frame.

4.2. Experimental setup

The experiment was conducted within a combinatorial search space
defined by 12 discrete variables, each ranging over six integer values
from O to 5 (see Table 1). This corresponds to a theoretical space of 6'2
= 2, 176, 782, 336 possible configurations; however, operational con-
straints reduce the feasible space considerably. A key constraint imposed
was the mandatory presence of at least one staff member in each area,
effectively limiting the search to 5'2 = 244, 140, 625 configurations.
Although the original search space is vast, MCSA applies sample re-
strictions and heuristic guidance to focus exploration on valid and
promising configurations, avoiding exhaustive enumeration which is
computationally prohibitive.

The ED simulator employed is a preconfigured, standalone model
capable of processing multiple input configu- rations independently.
This feature enables concurrent evaluation of samples by launching
multiple instances of the simulator, facilitating efficient assessment of

rAbbreviations: Arrival

Registration

Dy Doctors in area A

P Patent = = || /| G2
R Registration Staff .
Tr Triage Nurse By their own

Dp Doctors in area B

Na Nurse in area A
Np Nurse in area B
A Auxiliary Staff
'3 Medical Image By
il Laboratory Test Ambulance
LWBS Leave Without
Being Seen
| J J

( Y
Medical Image Test
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Table 1
Minimum and maximum Axis values for each type of staff (Sr and Jr are separate
dimensions). The restriction Sr+Jr < 10 applies per category.

Staff/Resource Axis Min Axis Max Adjusted Range [min, max]
Sr Admission 0 5 [1,5]
Jr Admission 0 5 [1,5]
Sr Triage 0 5 [1,5]
Jr Triage 0 5 [1,5]
Sr Doctor (Area A) 0 5 [1,5]
Jr Doctor (Area A) 0 5 [1,5]
Sr Doctor (Area B) 0 5 [1,5]
Jr Doctor (Area B) 0 5 [1,5]
Sr Nurse (Area A) 0 5 [1,5]
Jr Nurse (Area A) 0 5 [1,5]
Sr Nurse (Area B) 0 5 [1,5]
Jr Nurse (Area B) 0 5 [1,5]

candidate staff allocations within the heuristic search. To manage the
computational resources required for this study, we used the De-
partment’s 8-node cluster with 512 AMD Opteron™ Processor 6262 HE
cores, and 2 TB RAM.

4.3. Experimental results

During the exploration phase, the MCSA heuristic generated and
simulated a variety of staff configurations, collecting the corresponding
LoS indicators. This was followed by a refinement step employing two-
phase clustering to focus the search on the most promising regions of the
solution space. The iterative interaction between MCSA and the ED
simulator enabled efficient identification of configurations that pro-
gressively improved LoS. Ultimately, MCSA outputs a staff configuration
represented as a coordinate in the search space that optimizes the LoS
metric. It is then the responsibility of decision-makers to assess the
proposed configuration’s feasibility and alignment with system-specific
objectives and constraints.

The results are summarized in Table 2. The objective function aims to

ED Medical ; .
Finished HDlscharge and Exﬁ]

—

Interaction for Providing Service:

Fig. 7. Patient flow through the ED. Eight service processes, numbered in the circles, govern the patient flow. These services are interdependent, with varying service
durations. Note: Areas A and B are designated for urgent and non-urgent patients, respectively, with separate staff and independent operations.).

Source: (Liu et al., 2017
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Table 2

Summary of key problem parameters and resulting metrics from the MCSA
heuristic. It includes the search space definition, simulation times, sampling
effort, and efficient configuration identified (associated LoS).

Problem parameter Value

f (i) = pLoSMCn Time in minutes

Range [0, 5]
# Dim 12
Problem Size (Psize) 6'2

Possible Combinations
SimTime EDSim (in seconds)

2,176,782,336
600 approximate

# samples MCSA Heuristic 6,350

% vs Psize 0.00029

Result Value

SimTime MCSA samples (min.) 1,557

Improved LoS found by MCSA (min) 188

SimTime Exhaustive (min.) 48,828,125

Final configuration: Coord. form [4,4,4,2,2,5,
4,3,3,3,5,5]

minimize LoS, a key metric. Although each patient type has its own LoS,
a single representative value is used to reflect overall system perfor-
mance, consistent with the global perspective discussed in Section 3.
Notably, MCSA explores the solution space without prior knowledge of
which configurations will improve LoS; instead, it iteratively optimizes
the metric based on data generated through sampling. Each proposed
configuration results from 15 independent executions of the ED simu-
lator, each with different random seeds and the staff configuration
suggested by MCSA. While the global optimum cannot be guaranteed,
prior evaluations of MCSA on standard benchmark functions demon-
strate its consistent near-optimal performance, supporting its robustness
in this context.

The ED simulator employed in this study was previously calibrated
and validated using real data from Hospital Parc Tauli (Sabadell),
enhancing the reliability of the results. The average simulation time per
configuration (SimTime EDSim), expressed in seconds, provides an es-
timate of the computational cost associated with each scenario, which
varies according to configuration complexity. To improve efficiency,
simulations were executed in parallel batches, enabling evaluation of
6,350 configurations in 25 h, compared to over 1,058 h if processed
sequentially. This underscores the scalability and practical feasibility of
the approach. The final configuration identified by MCSA, detailed in
Table 3, achieved a significant reduction in LoS without requiring
exhaustive evaluation of the entire solution space. These results
demonstrate MCSA capability to derive operationally effective staff
configurations through guided simulation, validating the proposed
heuristic framework.

Table 3

Final staff configuration identified by MCSA. Each coordinate
indicates the number of assigned staff per role and area, cor-
responding to the dimensions explored during the optimization.

Staff Type or Resource MCSA coord.

Senior Admission
Junior Admission
Senior Triage

Junior Triage

Senior Doctor (Area A)
Junior Doctor (Area A)
Senior Doctor (Area B)
Junior Doctor (Area B)
Senior Nurse (Area A)
Junior Nurse (Area A)
Senior Nurse (Area B)
Junior Nurse (Area B)

G UWwwwbsanmns b Db
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5. Experimental evaluation including human and physical
resource variables

5.1. Preamble

While the core experimental structure remained unchanged, the
model was expanded to include additional parameters, increasing its
complexity. This extended phase considers 17 variables instead of the
original 12, enabling a more accurate representation of the operational
intricacies within an ED. Through simulation, a wide range of staff and
resource configurations are evaluated using the LoS metric, which serves
as the primary indicator for assessing system performance and guiding
the optimization process. The complete list of variables and their
respective ranges is provided in Table 4.

The staff categories, Senior and Junior, are listed separately in the
table to explicitly reflect the model’s constraints. Although treated as
distinct dimensions in the search space, their combined levels are sub-
ject to two key rules: (1) each category must include at least one staff
member (i.e., [0, 0] is invalid), and (2) the sum of Senior and Junior staff
cannot exceed the predefined upper limit (e.g., [5, 4] is invalid if it
exceeds this threshold). This representation facilitates constraint visu-
alization while ensuring that MCSA explores only feasible configura-
tions, maintaining the integrity of the multidimensional model.

5.2. Set-up and execution

The experiment begins by defining a multidimensional search space,
where each staff type is treated as an independent decision variable (see
Table 5). To reflect regulatory and hospital-specific constraints, the
range of values for each variable has been partially restricted. For
instance, the capacity of Area B (AreaBcap) is bounded between 5 and 52
units, with the lower bound imposed to ensure operational safety and
continuity of care. These constraints delineate a feasible region within
the search space that aligns with realistic staff and infrastructure limits.
Such bounds do not eliminate variability but rather guide the optimi-
zation process toward practical and implementable solutions. By con-
straining the search space, the algorithm avoids exploring
configurations that are either operationally infeasible or clinically un-
safe, while maintaining the diversity necessary for robust optimization.

To simulate increased operational pressure, a 10 % surge in patient
inflow was introduced across all time intervals. This adjustment aims to
replicate heightened demand scenarios and evaluate the algorithm’s

Table 4

Definition of the multidimensional search space used in the MCSA heuristic. The
table lists all decision variables (medical staff and physical resources), along
with their full axis limits and the adjusted operational bounds applied during the
optimization process.

Staff or Type of Resource Axis Min. Axis Max. Adjusted Staff + Resource

Min Max

Senior Admission
Junior Admission
Senior Triage

Junior Triage

Senior Doctor (Area A)
Junior Doctor (Area A)
Senior Doctor (Area B)
Junior Doctor (Area B)
Senior Nurse (Area A)
Junior Nurse (Area A)
Senior Nurse (Area B)
Junior Nurse (Area B)
Area B Capacity
Carebox Capacity
Internal Test Capacity
Lab Test Capacity
Assistants

0 0 0 0 W ® W W W W w ®©
0 00 0 © 0 0 W W W W o

(=l R=-Relelel-R-R-R=R=]
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Table 5

Summary of key parameters and results from the MCSA optimization process.
The table outlines the dimensionality, effective search space, and the number of
evaluations required to identify a configuration. The final result is expressed in
coordinate form, representing a feasible solution that achieved the lowest
observed LoS.

Problem parameter Value

f (i) = pLoSMCn
Range

Time in minutes
[3 to 8(Staff),5 to 52(BCap),4 to 49(Carebox),3 to 6
(Int, Lab),1 to 3(Assistants)]

Effective Range 6'2 x 48 x 46 x 4 x 4 x 3

# Dim 17
Theoretical Problem Size 9% x 53 x50 x7 x7 x4
(Psize)

Possible Combinations
SimTime (in seconds)

249,609,796,080,000
358 approximate

# samples Heuristic 2586

% vs Psize 1.12 E-09

Result Value

Improved LoS found by 145.32
MCSA (min)

Final configuration:
Coord. form

[1,3,2,3,3,2,4,30,7,5,3,51,27,1, 3,2]

performance under stress conditions. All other simulation parameters
remained consistent with prior experiments to ensure comparability.

A key difference in this scenario lies in the increased problem
dimensionality, which significantly increases the search space. To
manage the associated computational load, the Amazon Web Services
(AWS) Amazon Web Services (2024) were employed, leveraging its
cloud infrastructure for distributed simulation execution. Specifically,
simulations were run in parallel using c5.18xlarge instances, each of-
fering 72 vCPUs and 144 GB of RAM.

This infrastructure enabled concurrent execution of up to 50 simu-
lations, reducing the total runtime for 2,586 configuration evaluations
from over 258 h (if run sequentially) to approximately 5 h. Each batch of
50 simulations completed in an average of 6 min. This highlights the
critical role of parallel computing in enabling high-throughput simula-
tion-based optimization and underscores the scalability of our method-
ological framework.

The inclusion of additional decision variables significantly expands
the combinatorial search space. Each variable contributes a different
range of values—some relatively narrow (e.g., 1 to 8 staff members),
others broader (e.g., 5 to 52 resources)—leading to an uneven and high-
dimensional landscape. This diversity amplifies the complexity of the
optimization task, particularly as variable interactions may produce
conflicting effects on system performance.

In such scenarios, random or uniform exploration becomes compu-
tationally inefficient. To address this, our methodology combines guided
exploration with adaptive clustering to focus search efforts on high-
potential regions of the solution space. While exploration ensures
broad coverage, clustering helps refine the search by identifying regions
where configurations demonstrate promising performance with respect
to the optimization objective. This dual strategy enables effective
pruning of unpromising configurations, reducing unnecessary evalua-
tions and accelerating convergence.

Despite the existence of a known baseline configuration currently
used by hospital management, the MCSA algorithm initiates the search
process independently without leveraging any prior knowledge of
existing solutions. The theoretical size of the search space, considering
all possible combinations within the defined parameter ranges, exceeds
249 trillion configurations (2.49 x 10'%. In this context, brute-force
methods become computationally infeasible, further underscoring the
necessity of a heuristic-based approach.

To manage this complexity, an adjusted range criterion was applied,
restricting the search to configurations that are operationally valid and
clinically safe. This a priori pruning technique significantly reduces the
effective search space and helps steer the algorithm toward viable
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regions. While not solely responsible for optimization, this constraint-
driven refinement enables faster convergence toward high-quality
solutions.

The final configuration identified by MCSA was benchmarked
against the hospital’s baseline setup. Results demonstrate that the pro-
posed solution consistently outperformed the baseline across multiple
KPIs, particularly in terms of average LoS. These findings validate the
effectiveness of our hybrid simulation-optimization methodology. More
broadly, this approach offers a practical, data-driven decision support
tool for medium- and long-term resource planning—especially under
seasonal variations, anticipated demand surges, or temporary staff
shortages due to leaves or sick absences.

5.3. Discussion of the results

The comparison between the optimized staff configuration obtained
by the MCSA heuristic and the hospital’s baseline configuration is shown
in Tables 6(a) and 6(b). The results demonstrate a significant improve-
ment in system performance, particularly a 23.94 % reduction in the
average LoS, from 191.05 to 145.32 min. This supports our first hy-
pothesis (H1): that targeted adjustments in staff allocation can lead to
meaningful gains in operational efficiency. These improvements were

Table 6
Comparison of hospital base configuration vs MCSA solution (left: resource
allocation, right: performance KPIs).

(a) Staff and Resource Allocation

Staff/Resource Base  MCSA
Senior Admission 0 1
Junior Admission Senior Triage Junior Triage Senior Doctor (A) 3 3
Junior Doctor (A) Senior Doctor (B) Junior Doctor (B) Senior
Nurse (A) Junior Nurse (A) Senior Nurse (B) Junior Nurse (B)
AreaBcap Carebox
Internal Test 1 2
Lab Test Assistants 2 3
2 3
2 2
2 4
3 3
2 0
2 7
5 5
7 3
52 51
49 27
6 1
6 3
3 2
(b) Key Performance Indicators
KPI Base Config. MCSA Config.
Queue Lengths (number of patients)
Admission wait Queue 19 6
Triage wait Queue 33 9
Carebox wait Queue 0 0
AreaB wait Queue 0 19
Max. Occupancy (%)
Admission Staff 100.00 98.95
Triage Nurse 100.00 100.00
Doctor AreaA 100.00 100.00
Doctor AreaB 100.00 100.00
Nurse AreaA 100.00 87.26
Nurse AreaB 82.36 97.70
Auxiliary Staff 78.88 100.00
Laboratory 100.00 100.00
Imaging 100.00 100.00
Lenght of Stay (LoS) per patient Type (minutes)
LoS (patient Type 1) 211.02 112.67
LoS (patient Type 2) 238.72 133.49
LoS (patient Type 3) 232.29 129.96
LoS (patient Type 4) 143.83 183.28
LoS (patient Type 5) 129.42 167.19
Average LoS 191.06 145.32




M. Harita et al.

achieved while exploring a high-dimensional solution space under
realistic constraints, validating the second hypothesis (H2). Despite the
theoretical problem size exceeding 2.49 x 10'* combinations, only
2,586 samples were required (less than 1.12E-09 of the total space). This
efficient convergence illustrates MCSA’s ability to focus the search on
high-potential regions and confirms our third hypothesis (H3): that
MCSA is computationally more efficient than exhaustive search strate-
gies in identifying viable solutions.

In addition to LoS, further analysis reveals that MCSA preserved or
improved staff occupancy rates in critical service areas such as triage
and admission. This indicates the method’s ability to balance workload
while reducing patient queues without necessarily increasing overall
staff levels. The configuration identified by MCSA thus not only im-
proves throughput but maintains resource utilization at operationally
sustainable levels.

Moreover, the results emphasize the relevance of strategic variation
in staff composition. The presence of senior staff in early care stages
(admission and triage) was also associated with smoother patient flow
and reduced bottlenecks. While the current study focuses on minimizing
average LoS as a primary performance metric, the strong interdepen-
dence among KPIs suggests that future efforts should adopt a multi-
objective perspective. For example, disaggregated LoS by patient
severity levels (types 1-5) would offer more granular insights into
service-specific performance and support finer-grained optimization
goals.

In summary, the findings validate the feasibility and robustness of
our simulation-guided heuristic approach. Compared to traditional
methods that are often rigid or computationally intensive, MCSA offers a
flexible, data-driven alternative capable of providing actionable insights
with minimal evaluation cost. This makes it a valuable tool for decision-
makers seeking to enhance resource allocation in dynamic and complex
healthcare settings.

6. Conclusions

This study demonstrates the potential of combining heuristic opti-
mization with simulation to support strategic staff allocation in hospital
EDs. By performing a stochastic search aligning our MCSA heuristic with
ABM simulation, an effective staff configuration was identified that
significantly improved the overall performance of the system.

The results support the hypothesis that informed adjustments to staff
configurations guided by simulation and heuristic analysis can lead to
measurable performance improvements. MCSA can efficiently explore
high-dimensional search spaces under real-world constraints, and it does
so without incurring the computational cost of exhaustive methods.
Notably, our approach achieved a 23.94 % reduction in average LoS
compared to the baseline configuration, while evaluating only a negli-
gible fraction of the total solution space. Rather than providing a fixed
staff configuration, the proposed methodology provides decision-makers
with data-driven insights into how different staff configurations may
impact operational performance, such as LoS, enhancing preparedness
for dynamic scenarios such as seasonal surges or staff shortages.

Future work will extend this approach toward a multi-objective
framework, balancing LoS reduction with other critical KPIs such as
staff occupation. Addressing this trade-off is key to supporting robust,
data-informed decisions in complex healthcare environments.
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