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Abstract: The increasing demand for medical services and supplies as medicine delivery
has been found in applied mathematical models, such as queuing theory, a tool to analyze
and improve medical processes. However, these models often assume specific arrival
intervals and demands without real variability and uncertainty demand. This research
proposes a methodology in real systems, considering queuing theory and discrete simula-
tion. The goal is to provide reliable scenarios and facilitate the decision-making process
in medical centers. The data were collected in drug dispensing centers in Colombia as ser-
vice times, service level and users’arrival. The data were processed in a simulation model
by Flexsim with multiple scenarios. The results revealed a 50% reduction in average
waiting time, identified staff constraints and critical processes, and improved resource al-
location. This applied case demonstrated that the queue theory and simulation integration
become a valuable tool for managing variability in this medical service delivery system.

Keywords: Queuing theory, discrete simulation, waiting time.

MSC: 68N15, 68M20, 68U20.

1. INTRODUCTION
Queuing theory, a fundamental mathematical model for analyzing congestion and de-

lays in waiting systems [1], focuses on the interaction between clients and servers [2].
From its initial conceptualization by Erlang in the field of telecommunications to its ap-
plication in contexts as diverse as inventory management, traffic planning or healthcare
[3], this discipline offers a precise and powerful analytical framework to address mathe-
matical studies of queuing and efficient resource management in systems where elements
[4], whether people, products, or information, compete for access to a limited service [5].

In the Colombian context, this theory is especially relevant for those who face long
queues for various services, such as medical care, administrative procedures and banking
services. For example, according to data from the National Health Institute, the average
waiting time for primary health care is approximately 2 hours [6]. Likewise,the Superin-
tendence of Notaries and Registries estimates that 70% of Colombians experience delays
in administrative procedures [7], while more than 50% of bank customers report waiting
times of more than 30 minutes in branches [8]. These figures show the significant impact
of queues on the population, generating widespread inconvenience and harm.

Nevertheless, considering that the population under study is part of the drug dispens-
ing centers, reference is made to some of the limitations, such as an initial maturity med-
ical system, inadequate health infrastructure, qualified personnel shortage, and a non-
integrating local and regional network [9], [10]. According to the Colombian Health
Secretary’s data, the country has approximately 4,329 drug supply centers, attending
43,159,524 General Social Security System in Health affiliates (SGSSS), representing
96% of the population, with an average of 10,000 affiliates/supply center [11]. This sce-
nario reflects insufficient resources to align the medical supply with the growing service
demand [12]. As a result, delaying medical procedures, aggravating medical disease situ-
ations, and increasing queues in every process has a bullwhip effect in this socio-technical
complex system [13]. Therefore, one of the strategies is to increase the number of dis-
pensing points, but this implies additional costs for the Health Promoting Entities (EPS)
[14]. The challenge is balancing service quality and operating costs [15].
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Within the field of queuing theory, there are control algorithms that are essential to
efficiently manage waiting systems [16]. These queuing algorithms determine the order
in which processes access system resources, prioritizing those with longer waiting times,
which directly influences operational efficiency and customer satisfaction [17]. Rang-
ing from basic policies such as FIFO (first in, first out) to more sophisticated approaches
such as SJF (shortest job first), these algorithms optimize the distribution of resources,
thus contributing to maximizing the performance of the system as a whole [18]. In addi-
tion, queuing theory provides key performance indicators that enable informed decision
making, which is crucial in business environments where efficiency and service level are
priorities [19].

Several methodologies have been proposed concerning this challenge and informed
decision-making [20]. The queuing theory model presents key performance indicators
(KPI) [21] as the system customer arrival rate (λ ), the service rate (µ), the server utiliza-
tion rate (ρ) as ρ = λ/µ and a desired service level: S = λ ∗W , where W is the maximum
queue waiting time [22], acceptable waiting times, arrival and service levels.

Previous research demonstrated queuing theory applications in different industries and
business environments, such as logistics, telecommunications, customer service, finance,
and medicine [23]. Logistics focused on two queue line models and found the optimal
service rate and economic viability, favoring the M/M/1 model [24]. Telecommunications
analyzed the utilization of servers using the M/M/c queue model to meet the demand for
cloud services and reduce waiting times [25]. In the customer service area, explore work-
in-process demand and cycle time behavior in a service system, employing the analytical
model of M/M/c queuing theory and Arena to accurately service system [26].

However, many authors have emphasized the queuing theory’s usefulness in health-
care management [27]. This theory has accurately addressed healthcare principles high-
lighted in Pakistan’s healthcare system and challenges [28]. In addition, queuing theory
and blockchain cryptocurrency modeling [29] improve the public healthcare system and
patient waiting times [30] optimize personal allocation in a service system [31], queuing
in emergency departments [32] queuing in pharmacy services [33].

Other authors consider combining the queuing theories model with other mathemati-
cal models [34], [35]. This modality has proven helpful in addressing the management
of complex processes and services in various industries [36]. However, the theory model
excludes several behaviors, as assumed service times and user arrivals are constant, even
though there is variability in both inter-arrival intervals and time windows throughout the
day [37], [38]. In healthcare management, hybrid approaches that combine discrete
simulation with other methods have proven to be particularly effective. For example,
the article entitled “A Novel Simulation-Based Two Stage-Optimization Approach for
Nurse Planning”, which aimed to develop a novel simulation-based two-stage optimiza-
tion approach to determine the required number of nurses and schedule work shifts in the
Covid-19 inpatient service of a Turkish public hospital [39]. Another relevant study is “A
Comprehensive and Integrated Hospital Decision Support System for Efficient and Effec-
tive Healthcare Services Delivery Using Discrete Event Simulation”, whose main objec-
tive was to develop a comprehensive hospital-level decision support system to assess and
respond to the needs of local populations. These studies provide valuable methodologies
and tools that can be adapted and applied in various healthcare institutions to improve
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resource planning and decision making [40].
This article aims to explore the theoretical foundations of queuing theory [15], as well

as its application in the practical case of a medicine supply center that presented failures
in queue management [41], generating dissatisfied users due to the waiting service and
creating stress in the workers of the service modules. Due to this disparity between capac-
ity and demand, queues are generated in the system, reflecting a shortage of resources to
meet the growing demand for health services [42]. Therefore, this main contribution of
this study is to propose a methodology that links queuing theory with simulation models
and incorporating variability in natural systems. The variability is an intrinsic character-
istic in many systems, and its inclusion can generate more accurate and reliable results,
facilitating decision-making.

Finally, the rest of the paper is organized in the following manner: Section 2 presents
the literature review, Section 3 materials and methods, Section 4 defines the results achieved,
and Section 5 summarizes the conclusions and future work prospects.

2. LITERATURE REVIEW

Queuing theory is a crucial field in waiting systems and stochastic processes research.
From its initial conception applications in various disciplines, queuing theory offers valu-
able tools and approaches to understand and improve the system’s efficiency with waiting
components. In this section we conducted a comprehensive literature review on queuing
theory and found 69,756 documents in Scopus, 1,282 focused on medicine. This review
covered the period from 1900 to 2023 and revealed studies on queue congestion problems,
operations improvement, and service level reduction, especially in smaller systems [43].

2.1. Theoretical foundations

Since the 20th century, queuing theory has experienced exponential growth and diver-
sification in its application [44]. Erlang applied the design of telephone exchanges, traffic
engineering, and service management [45]. The M/M/s (arrival rate/service rate/number
of servers) describes systems with simultaneously handle tasks [46] and introduces criti-
cal elements such as competition between servers and the ability to serve multiple clients
concurrently [47]. This model simplifies relevant KPIs (key performance indicators),
such as customers’ average number in the system Ls, no customer probability in the queu-
ing system Po) average time spent in the system Ws, average users in the queuing Lq,
average time in the line Wq and service utilization rate (ρ) [48]. These variables are
calculated from the following equations:

Ls = Lq +
λ
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Lq =
( λ

µ
)sλ µ

(s−1)!(sµ −λ )s (4)

Wq =W − 1
µ

=
Lq
λ

(5)
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Regarding performance, it is relevant to note that when the multiplication of the num-
ber of servers by the service rate (nµ) exceeds the arrival rate λ , the system is in a stable
regime. However, when (nµ) is less than or equal to λ , the system can collapse, and the
queue can increase without limits, as pointed out by various sources [49]. As for arrival
λ and service µ rates, these can be modeled by continuous or discrete distributions, de-
pending on the nature of the process being analyzed [50]. The exponential distribution
is commonly employed for the arrival rate when customers arrive randomly and inde-
pendently. On the other hand, the Poisson distribution is suitable for modeling customer
arrivals in discrete intervals or integers [51]. The exponential distribution is also used for
the service rate, especially when service times are independent and identically distributed
[52]. However, in cases where service times follow a discrete distribution, geometric or
Erlang distributions accurately represent the system [53].

2.2. Queuing theory advances

Queuing theory, a multidisciplinary field, has contributions from several researchers
[54] concepts such as network analysis, little’s rule [55], stochastic simulation [56],
integrating queueing theory with Markov chain models in complex systems [57] and
hybrid models with machine learning approaches [58]. In engineering and management
[59] relationship between key variables, communication systems stability [60], stochastic
simulation [61], queueing games, weak convergence, queueing redundancy scheduling,
regenerative theory, and its applications, as well as stochastic coupling and ordering in a
symmetric union, highlighting the shortest-tail model [62]. These researchers represent
only a fraction of those who have influenced the continuing queueing theory evolution.

2.3. Simulation (or Discrete Simulation)

Use of simulation is heath systems has been invaluable in improving training and
clinical decision making. It provides a safe environment for professionals to practice
medical procedures, hone surgical skills and address complex situations without putting
real patients at risk.

Discrete simulation to set up death scenarios during Covid-19 pandemics is emerging
as an invaluable tool for analyzing various factors, such as the speed of virus spread, the
effectiveness of containment measures and the capacity of the health system. In this way,
it contributes to the design of more effective and adaptable strategies for dealing with
health crises. A significant study supporting this assertion was conducted by the authors,
who developed a discrete event simulation model as soon as the pandemic affected the city
of São Paulo (Brazil). Using this model, several scenarios considering different levels of



176 M. Hinestroza et al. / Queuing Theory & Discrete Simulation

demand, from minimum to maximum (i.e., varying the number of expected deaths), were
examined and evaluated [63].

Simulation methods:
These are techniques that make it possible to represent the behavior of real systems

by means of mathematical and computational models. Different approaches have been
developed over time to simulate complex phenomena, and several authors have been pio-
neers in this field. Some of the most relevant methods are mentioned below, together with
the pioneering authors, key concepts, mathematical models and applications.

• Monte Carlo Method: Stanislaw Ulam and John von Neumann developed the
Monte Carlo method in the 1940s while working on the Manhattan Project [64].
It is a probabilistic method that uses random samples to solve mathematical prob-
lems that can be deterministic or stochastic. It is based on the generation of random
numbers to calculate integrals or solve statistical problems. For example, to calcu-
late an integral, random points in the domain of the function are simulated and the
proportions within the region of interest are estimated. Example:

π =
4Ninside

Ntotal
(7)

Where (Ninside) is the number of points inside the circle and (Ntotal) is the total
number of points. Application: It is widely used in finance for option pricing, in
physics to simulate particles, and in engineering to evaluate complex systems.

• Finite Difference Method: Lewis Fry Richardson is one of the pioneers in the ap-
plication of this method in weather forecasting in the 1920s [65]. Finite difference
methods are used to solve differential equations by approximating the derivatives
by differences between discrete values. A typical example is the solution of the
heat equation for the heat equation in one dimension:

∂u
∂ t

= α
∂ 2u
∂x2 (8)

It can be discretion by finite differences:

un+1
i −un

i
∆t

= α
un

i+1 −2un
i +un

i−1

∆x2 (9)

Where (un
i ) represents the temperature at point (i) and in time (∆t). Application:

This method is used to model phenomena such as heat diffusion, fluid dynamics
and wave propagation.

• Agent-based simulation (ABM): John Holland is a reference in the development
of the theory of complex adaptive systems and agent-based simulation [66]. In
ABM, a system is modeled as a set of agents interacting with each other and
with their environment, where agents are individual entities with specific behav-
ioral rules. Agents are modeled by behavioral rules, which can be deterministic or
stochastic. These rules can be influenced by the environment and interactions with
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other agents. Example: Agent Movement: If an agent moves on a grid, its position
can be updated using:

Xt+1 = Xt +Vx∆t (10)

Yt+1 = Yt +Vy∆t (11)

Where (Xt) and (Yt) are the current coordinates, (Vx)and (VY ) are the velocities in
the (x) and (y) directions, and (∆t)) is the time step.

Interaction between Agents: If the agents have an attraction/repulsion rule, a for-
mula similar to the law of gravitation can be used:

F = G
m1m2

r2 (12)

Where (F) is the interaction force, (G) is a constant, m1 and m2 are the masses of the
agents, and (r) is the distance between them. Application: ABM is used in biology
to model ecosystems, in economics to simulate markets and in sociology to study
collective behaviors.

• Finite Element Method (FEM): Richard Courant and Alexander Hrennikoff pi-
oneered the development of this method in the mid-20th century [67]. The finite
element method divides a continuous domain (such as a physical structure) into
small finite elements, over which partial differential equations are solved. The set
of local solutions of these elements is combined to approximate the global solution.
The FEM converts the partial differential equations (PDEs) into a system of alge-
braic equations that can be solved numerically. For example, in structural elasticity,
it is used to solve the static equilibrium equations.

K · tu̇ = F (13)

Where (K) is the stiffness matrix, (u̇) is the vector of displacements and (F) is the
vector of applied forces.

• Molecular dynamics simulation (MD): B.J. Alder and T.E. Wainwright performed
some of the first molecular dynamics studies in the 1950s [68]. Molecular dynam-
ics simulation calculates the motion of particles (atoms and molecules) by solving
Newton’s laws for each particle. The motion of a particle in a force field can be
described by Newton’s second law:

F = m ·a = m · d2r
dt2 (14)

Where (F) is the force, (m) the mass, (a) the acceleration and (r) the position. Ap-
plication: It is used in chemistry and biology to simulate molecular behaviors and
study processes such as protein folding or material dynamics at the atomic scale.

• Discrete Event Simulation (DES): Geoffrey Gordon is one of the pioneers of dis-
crete event simulation, known for developing the GPSS (General Purpose Simu-
lation System) simulation language in the 1960s [69]. It simulates the behavior
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of a system at specific points in time, called discrete events. Unlike continuous
methods, changes only occur when an event occurs that alters the state of the sys-
tem. It uses a queuing system, in which events such as the arrival and departure
of customers are modeled. A typical simulation scheme includes: Time between
events: If events occur randomly, the time between events can be modeled using an
exponential distribution:

T =− 1
λ

ln(U) (15)

Where (T) is the time between events, (λ ) is the event occurrence rate, and (U) is
a uniform random variable between 0 and 1. System state update: When an event
occurs, the system state is updated. For example, in a queuing system, if a customer
arrives, the number of customers in the queue (N) is increased:

N = N +1 (16)

Simulation clock advance: The simulation clock is advanced to the time of the next
event in the list of future events:

tactual − tproximoevento (17)

Applications: Computer network management, logistics systems, queuing in ser-
vices (healthcare, airports). Each of these methods has applications in different
fields of science and engineering, and have been fundamental to the development
of simulation as a crucial tool in research and industry.

3. MATERIALS AND METHODS

This research has four phases. The methodological structure is presented in Figure 1.

Figure 1: Methodological structure

In the first phase, the literature review, we identified methods to analyze waiting time
problems. Subsequently, we took as a case study a drug dispensing center that served to
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validate the methodology proposed in this research. Sample data were taken for 29 days,
recording the intervals between user arrivals and the attention times per user by means
of stopwatches according to a previous calculation of the sample size. These data were
analyzed using R, Python, and Expertfit [70]. The sample size ”n” was calculated from
Eq. (18):

n =
(N)(Z2)(p)(q)

e2(N −1)+Z2(p)(q)
(18)

where ”n” represents the sample size in the month, ”N” corresponds to the sampling frame
of the population, ”Z” refers to the confidence level, ”p” represents the probability that
the event studied will occur, ”q” represents the probability that the event studied will not
occur, and ”e” denotes the margin of estimation error. Replacing these values with those
corresponding to the present case study, we obtain that n is approximately, n = 455.

In the second phase, applied queuing theory and key performance indicators (KPIs),
such as queue user’s number, use average time in the system, and server utilization. For
this case study, selection criteria were defined based on several key factors, such as pop-
ulation served, technology implemented, operational capacity, location, and accessibility,
selected to ensure the accuracy and reliability of the data collected in the research.

In the third phase, a simulation model was developed in FlexSim, adopting the method-
ological structure proposed in queuing theory [71]. In this phase, the simulated data was
validated compared to the actual data, using a code in Python and Kolmogorov-Smirnov
goodness-of-fit test validation. This statistical tool determines adequate simulation model
accuracy and reliability.

Finally, in phase 4, a comparative results analysis was obtained between both models
with FlexSim, facilitating bottlenecks identification and the improvement scenario pro-
posal considering dispensing center efficiency and productivity.

4. RESULTS

4.1. Phase I. Data collection and analysis

In this first phase, we collected pharmacy patient flow data during the mornings and
afternoons. These data included information on arrival-to-care times. The sample size
was calculated using Equation 18. Expertfit statistical software examined multiple distri-
butions and determined that the three presented in Table 1 and 2 have the highest relativity
scores in the historical data set analyzed. This score evaluates the adequacy of the distri-
bution models by comparing their effectiveness in representing historical data and brings
transparency to the selection process. The results revealed that patient arrival and service
times conformed to a Beta distribution. With a relativity score of 96.74, 94.57, 84.61
respectively, in this sense the Beta distribution is taken as a reference to represent the
inter-arrival times of the clients. According to Cordeiro [72], the Beta distribution has
three components: the lower endpoint, which in this case of customer inter-arrival times
represents the minimum expected time between two consecutive arrivals; the upper end-
point, which represents the maximum expected time between two arrivals; alpha, which
indicates the variability of the shorter times; and Beta, which indicates the variability of
the longer times.
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The resulting parameters for inter-arrival times are detailed in Table 1, while those
related to service are presented in Table 2.

Table 1: Inter-arrival time distribution model’s summary
Model Relative Score(%) Parameters

Lower endpoint(s) 9.22
Beta 96.74 Upper endpoint(s) 40.69

Alpha 1.16
Beta 1.06

Lower endpoint(s) 8.53
Johnson SB 94.57 Upper endpoint(s) 41.52

Alpha -0.7
Beta 0.69

Location(s) 0
Weibull 82.61 Scale(s) 28.7

Shape(s) 3.3

Table 2: Models for the distribution of service times summary
Model Relative Score(%) Parameters

Lower endpoint(s) 6.79
Beta 92 Upper endpoint(s) 56.26

Alpha 5.35
Beta 3.27

Lower endpoint(s) 5.19
Johnson SB 92 Upper endpoint(s) 59.89

Alpha -0.63
Beta 1.57

Location(s) 0
Gamma 84 Scale(s) 1.84

Shape(s) 20.38

The blue bars in the histograms in Figure 2 and Figure 3 represent the density of the
collected sample data, and the red line represents the theoretical Beta distribution. Figure
2 shows a high frequency between time intervals of patient arrivals. Figure 3 shows
the behavior of attention times in the module, in which high waiting peaks stand out.
These figures show the relationship between the search for complex medications and high
service times.
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Figure 2: Input data histogram density (Source:The authors using Expertfit software)

Figure 3: Input data histogram density (Source:The authors using Expertfit software)
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4.2. Phase II. Queuing theory method application

The variables related to M/M/s queuing theory analysis from the collected data present
two key parameters that stood out: the customer arrivals rate to the system (λ ) and the
service rate (µ [73]. This model applies in queuing systems involving multiple server(s),
where customer arrivals follow a probabilistic Poisson distribution, and service times are
exponential. There is an infinite population of customers and FIFO (first in, first out)
for both morning and afternoon schedules. These approaches allow for a detailed queue
behavior examination and its influence on the customer service process efficiency. Table
3 presents the results.

Table 3: Models for the distribution of service times summary
Indicators Abbreviature Data Equation
Average number of customers in queuing Lq 44 (Eq. 4)
The average time a customer spends in the system (s) Wq 994 (Eq. 5)
Average service utilization (%) ρ 0.8 (Eq. 6)

4.3. Phase III. Simulation model conceptualization

The simulation purpose in queuing theory is to provide a highly adaptable tool for
modeling and analyzing queuing systems. This tool allows experimentation with configu-
rations and strategies for improving efficiency and service quality in various applications
and environments [74]. Thus, simulation becomes the option when real-world exper-
iments are unfeasible or too costly due to lack of time, limited resources, or access to
reliable historical data.

In this sense, we conduct simulation using FlexSim, which creates virtual models
that represent processes or systems in the real world. In this specific case, we use that
software to simulate and analyze the behavior of systems involving queue and customer
service processes, allowing us to visualize and evaluate how different variables and sce-
narios affect the performance of these processes, thus providing valuable information for
decision-making and optimization of customer service efficiency [75].

4.3.1. Model configuration
We initially structured the flowchart representing the simulation model in the Process

Flow module of FlexSim. This tool establishes the logical sequence that governs the oper-
ation of a dispensing center. To begin with, we adjust the model to simulate the arrival of
patients, ensuring that it places them in the queue according to their order of arrival. From
this point, we implemented a process that allows the operator to assign shifts to patients
based on their order of arrival. During the care process in the module, critical operations
are simulated, such as the verification of medical orders and the collection of data neces-
sary for the dispensing of medications. Finally, an exit procedure is established for users
once they have obtained their medications, thus marking the closure of the process. This
sequence of stages provides a complete and accurate representation of the operation of
the dispensing center. Figure 4 presents the flowchart of the structured logic to simulate
the case study.
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Figure 4: Dispensing Center Process Flow Configuration (Source:The authors using Flexsim)

4.3.2. Simulation Model Programming Algorithm
The diagram has allowed us to structure the logic of the simulation model, then the

programming algorithm is built using the Python programming language. This code im-
plements a simulation of a healthcare dispensing center using SimPy, a discrete event sim-
ulation library in Python. Here’s an explanation of the structure and main functions used:
Libraries used: The code uses the SimPy library for discrete event simulation. This library
provides classes and methods to create and execute simulations. Functions and classes:
DispensingCenter: This class represents the healthcare dispensing center. It has methods
to simulate patient arrivals, module selection, and the check-out process. patientarrival:
This method simulates a patient’s arrival at the dispensing center. The patient joins a
queue, requests a healthcare provider and a care module if available. selectmodule: This
method selects an available care module for the patient. If no modules are available, it
returns a SimPy event indicating that the patient must wait. checkout: This method sim-
ulates the check-out process for a patient from the dispensing center. Patient generator:
The patientgenerator function simulates continuous patient arrivals at the dispensing cen-
ter. Each patient is processed using the patientarrival method. Simulation creation: A
simulation environment (simpy.Environment) is created, and an instance of the Dispens-
ingCenter class is instantiated. Subsequently, the patient generator process is initiated in
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the simulation environment. Simulation execution: The simulation is executed using the
env.run (until=455) method for a specific time duration (in this case, 455-time units). The
following figure (show Figure 5) shows the programming code.

Figure 5: System programming code (Source:The authors using Python)

4.3.3. Building the 3D model based on its infrastructure
The construction of the 3D model in FlexSim is based on the understanding of the

challenges faced by the original drug distribution center. This center was characterized
by having a waiting room, an internal storage warehouse, and five service modules, with
manual assignment of shifts by an employee, resulting in queue delays. Since the waiting
room capacity was limited to 48 people, the focus was improving operating efficiency.
We implemented several key strategies to address these constraints. First, the number of
service modules was increased to 6, allowing for a more even workload distribution and
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reduced waiting times. Second, an automated shift assignment system was incorporated
into current technologies to eliminate delays associated with manual shift assignments.
These proposals are based on optimizing care and adapting to the current high-demand
environment, ensuring a more efficient and satisfactory patient experience. Figure 6 de-
picts the simulated 3D model of the medication dispensing center.

Figure 6: Medication dispensing center (Source:The authors using Flexsim)

4.3.4. Simulation results
The FlexSim provided the simulation model results, allowing the collection of relevant

information. These results were generated by configuring and visualizing real-time data
during the simulation run. In this section, we will present two simulation scenarios. In the
first scenario, we will analyze the current queuing system to understand its structure and
operation. The second scenario will explore a new module into the system and dispensing
shifts automation. This exploration will allow us to evaluate how this addition might
affect the overall operation and whether it has the potential to improve both efficiency and
user satisfaction.

Current model
The current scenario has addressed multiple tasks simultaneously with five service

modules, a single waiting queue for orderly customer management, a designated shift
flow coordinator, and a 48-person maximum waiting room capacity, ensuring efficient
flow control and customer comfort while waiting. However, due to the increased num-
ber of users entering the system, this dispensing center faces capacity issues to meet the
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demand, which may cause inconvenience to users. This analysis highlights the simula-
tion’s valuable utility in evaluating the moments of maximum flow fluctuation, previously
considered constant time intervals according to queuing theory. Figure 7 presents a plot
illustrating the variation in the number of people in the system during the peak congestion
time of the day. An increase is observed around 9-10 hours when the number of people in
the system exceeds 70, outstripping the facility’s capacity under study and causing long
queues. This finding highlights the need to adapt management and resources to these
times of high demand, which can translate into a better user experience and greater oper-
ational efficiency of the facility.

Figure 7: Number of people in queue vs time (hours) of the current model (Source:The authors
using software Flexsim)

This service model has five logging modules in the room. Figure 8 reveals a high
utilization rate of over 85% for each module, leading to problems such as congestion,
long waiting times, operational inefficiency, and risk of system collapse. In this situation,
it is essential to increase server capacity or redistribute the workload more efficiently. For
optimal and satisfactory system performance, it is essential to keep utilization below 80%,
following the Workload Profile method [37], which evaluates mental workload and notes
that utilization above 80% implies a risk of occupational stress for the operator [76].

Figure 8: Current model use (%) (Source:The authors using software Flexsim)

Table 4 depicts the average waiting time, a critical indicator in queuing management
systems. The average of 1639.59 seconds (approximately 27 minutes) observed in this fig-
ure suggests that customers waiting in queues experience significant waiting time before
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receiving attention. This extended waiting time can negatively impact customer satis-
faction and the system’s operational efficiency, which may require queuing management
adjustments, such as allocating more resources, changing service policies, or reducing
waiting time and improving customer experience strategies.

Table 4: Average queue time in the current scenario

Object Average standby Minimum standby Maximum standby
time time time

Waiting lines(s) 1639.59 19.17 3448.5

The new scenarios and two concrete alternatives suggest addressing these challenges.
They are adding a new server during the hours when the simulation results show the high-
est fluctuation, i.e., between 9 am and 10 am. Figure 9 presents user waiting behavior at
the drug distribution center during peak congestion hours, which provides crucial infor-
mation on the efficiency and capacity of the facility. These improvement implementations
reduce peak waiting times, especially between 9 am and 10 am. During this period, the
people number in the system decreased considerably, reducing by 40 individuals. This
decrease is a positive indication of a smoother flow of care and better management of
resources by the drug distribution center. As a result, reducing long queues can translate
into a more satisfactory user experience and improved center operational efficiency, which
has a positive impact on customer satisfaction and resource management efficiency.

Figure 9: Number of people in queue vs time (hours). Proposed improved model (Source:The
authors using software Flexsim)

As illustrated in Figure 10, the utilization rate decreased substantially in the improved
scenario, ensuring that each module did not exceed the critical 80% utilization limit. The
reduction was due to implementing measures, such as adding a new server, which allowed
for a more efficient workload redistribution. This strategy manifested itself as improving
system performance, reducing congestion risks, and long waiting times, and supporting
this tool’s importance in improving operability in healthcare.
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Figure 10: Percentage of use of the proposed model (Source:The authors using software Flexsim)

Table 5 shows a significant reduction in the average waiting time, which decreases
from a considerably high initial value of 1,639.59 seconds to a significantly lower value
of 591.41 seconds (equivalent to 9.857 minutes). Therefore, users or customers reduced
their waiting time by approximately 96%, translating into a more satisfactory perception
and a better experience.

Table 5: Average waiting time of the proposed model

Object Average standby Minimum standby Maximum standby
time time time

Waiting lines(s) 591.41 19.17 1824.9

We perform a goodness-of-fit test using the Kolmogorov-Smirnov test for the variable
inter-arrival times and attention times in seconds to validate the simulation data with the
actual data. In this test, we set two hypotheses:

• The null hypothesis (H0) would be that the data generated by the simulator follows
the same distribution as the actual data.

• The alternative hypothesis (H1) would be that the data generated by the simulator
does not follow the same distribution as the actual data.

The empirical cumulative distribution function (ECDF) is calculated from a code in
the Python programming language to test these hypotheses. The test results yielded a test
statistic (D) of 0.012 for inter-arrival times and 0.024 for service times, with p-values of
1 and 1.2, respectively. Since the p-value exceeds the commonly established significance
level of 0.05 in both cases, the null hypothesis cannot be rejected, indicating that the
simulated data adequately fit the distribution of the accurate data.

4.4. Phase IV. Comparison of results of both methods and improvement scenario

Throughout this phase, we compared and evaluated the data obtained during the sim-
ulation in Phase III and the actual data collected in Phase II. During this process, we
carefully analyzed the discrepancies between the theoretical predictions and the practical
results, which allowed us to identify possible deviations and areas for improvement within
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the system. This phase played an essential role in assessing the M/m/s model’s effective-
ness in accurately representing the natural system. It provided valuable information that
guided decision-making and necessary improvements to the system.

As shown in Table 6, we have used metrics to calculate the performance parameters in
different scenarios. There is a noticeable difference when comparing the queuing theory
results with the actual simulation results. This simulation considers both infrastructure
and queue speed, providing us with a scenario much closer to reality and, therefore, is the
most reliable option to support decision-making.

In addition, when analyzing the key indicators (Lq, Wq, and ρ) of the simulation model
for both scenarios, it is observed that the indicators of the proposed simulation model are
lower since the system resources are better optimized.

Table 6: Comparison of the three scenarios
Indicators Abbreviature theorical Simulated Proposed

scenario scenario scenario
Average number of customers in
queuing

Lq 43.9 39.51 11.5

Average time in the system(s) Lq 994.49 16.59 591.41
Average service utilization rate ρ 0.8 0.9 0.74

These results brought essential advantages to the system, as they reduced the theoret-
ical queue indicators and clarified the availability of space in the infrastructure for future
adaptations in the case study scenario. It is relevant to highlight the notable decrease
in waiting customers (Lq) in the proposed scenario, with a reduction of close to 50%
compared to the current simulation scenario. Furthermore, with the improvements im-
plemented, greater efficiency has been achieved by reducing the average time customers
spend in the system (Wq). That is particularly significant because we added a server to the
proposed system, from 5 to 6 service modules, and shift automation via a dispenser was
introduced.

5. DISCUSSION

The present research adds to a growing body of studies on queuing systems and ser-
vice management in healthcare settings. Reviewing the international literature, we found
results that vary in congruence with this study. Some of these studies are consistent with
our findings, while others differ significantly. For example, in a study conducted in a spe-
cialized hospital in 2012, a patient intake rate was observed that far exceeded the service
delivery rate, which is consistent with our results. However, other studies have reported
divergent results [77]. This variability highlights the importance of considering each
healthcare facility’s context and particularities when addressing queuing management is-
sues.

This study has conclusively demonstrated that changes in the number of servers and
reorganization of resources have a significant impact on waiting times and system per-
formance. These results support the idea that strategic interventions can substantially
improve healthcare efficiency. This finding aligns with previous research highlighting the
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importance of effective resource management [78]. Incorporating multitasking staff is an
effective strategy to change the queuing model and improve patient experience.

A prominent feature is applying simulation modeling and queuing theory to address
management problems in the healthcare environment. This methodological choice relies
on the growing evidence of the effectiveness of these tools in optimizing drug supply sys-
tems. The results support this trend, showing that simulation could be a valuable tool for
analyzing and improving processes in a drug dispensing center. Therefore, this research
adds to the growing literature highlighting simulation tools’ potential in strategic health-
care decision-making. In this sense, the most notable result is the significant reduction in
patient waiting times. This improvement was achieved by reorganizing the mix of service
providers and implementing a more efficient queuing system. These results align with
previous research that shows that system changes can lead to tangible improvements in
waiting times [79]. This study provides additional evidence in this area and highlights the
importance of considering similar strategies to address congestion problems in healthcare
settings.

6. CONCLUSION

This paper uses queuing theory and simulation to address variability in real systems,
using a medicine dispensing center as an example. It contrasts the results of queuing
theory with simulation. It finds that simulation is better suited to reality by using the
beta distribution to model arrivals and attendances, considering the variability of time
windows. These findings support the usefulness of this combination of approaches for
forecasting scenarios to improve system performance.

The determination of these scenarios in the simulation method followed a systematic
approach, including literature review, data collection, and scenario analysis. Consultation
with experts ensured that the scenarios were relevant in real healthcare settings. This com-
prehensive approach made the scenarios not only theoretically sound, but also practically
applicable, providing a solid basis for evaluating and improving healthcare systems.

Through this study, it was possible to simulate the impact of implementing an ad-
ditional server and an automatic shift distribution system in the analyzed network. The
results are highly encouraging, as they reveal a 50% decrease in waiting times in the sys-
tem, which implies a substantial improvement in user service efficiency. Also, the adding
of a server contributed to a better balance in the workload between the existing servers,
which further optimized the system’s overall performance.

This contribution to the knowledge framework is valuable, enabling industry practi-
tioners and academics to develop evidence-based best practices to address queuing man-
agement issues in the pharmaceutical and other healthcare environments. The evidence
from the research provides a sound basis for informing management decisions and strate-
gies, which, in turn, can be reflected in significant improvements in the quality of care
and patient satisfaction in these vital healthcare settings.

In this study, several limitations are recognized, such as the realization in a single
drug dispensing center, which limits the generalizability of the results to other settings; the
collection of data in specific periods, which does not capture all the variability; and the use
of simulation models based on assumptions that do not fully reflect the real complexities.
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In future research, incorporating virtual reality technology can be considered to un-
derstand the systems better. In addition, implementing more accurate forecasting systems
to optimize server scheduling and management based on specific needs and schedules is
suggested. Finally, the methodological framework used in this study can be applied in
other service contexts, becoming a practical approach to developing health management
policies and improving care for users with congenital and hereditary diseases that require
constant medication.
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