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MODELO MULTICANAL DE ATENCION AL CLIENTE EN UNA ipss:
ESTUDIO DE CASO CON SIMULACION DISCRETA

RESUMEN: este articulo evalia la capacidad real del sistema de atencién
al cliente en una Institucién Prestadora de Servicios de Cuidado de la Salud
(1pss), en la cual los usuarios solicitan determinados servicios a través de
un sistema de espera de canales miiltiples M/M/n con llegadas Poisson
y tiempos exponenciales. El sistema de atencién actual funciona con la
espera de los usuarios en varias estaciones, por lo cual estos se encuen-
tran sometidos a hacer varias filas para completar los servicios de pruebas
diagnésticas requeridas. El objetivo de este trabajo es desarrollar una
metodologia para definir estrategias de mejoramiento en la percepcién del
servicio y en el desempefio de la Ipss. Para ello, se presenta un modelo de
simulacién discreta que determina los tiempos de los procesos y pronostica
la demanda. El tiempo efectivo para la prestacion del servicio es de hasta
4 horas por usuario; sin embargo, con los resultados de las simulaciones se
logra reducir este margen de espera hasta en 50% mediante la descarga
de tareas administrativas de los médicos y enfermeras y la implementacion
de un dispensador electrénico de boletos. Dada la importancia relativa
del servicio al cliente para una Ipss, la simulacién de eventos podria ser
implementada en diferentes escenarios que permitan ser integrados en los
procesos de planeacién y toma de decisiones.
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MODELO MULTICANAL DE ATENCAO AO CLIENTE NUMA IPSS:
ESTUDO DE CASO COM SIMULACAO DISCRETA

RESUMO: Este artigo avalia a capacidade real do sistema de atencdo ao
cliente numa Instituicao Prestadora de Servicos de Cuidado da Sadde
(1pss), na qual os usuarios solicitam determinados servicos por meio de um
sistema de espera de canais mltiplos M/M/n com chegadas Poisson e
tempos exponenciais. O sistema de atencao atual funciona com a espera
dos usuarios em vérias estacdes, por isso eles sao submetidos a vérias filas
para completar os servicos de exames diagnésticos requeridos. O objetivo
deste trabalho é desenvolver uma metodologia para definir estratégias de
melhoria na percepcao do servico e no desempenho da Ipss. Para cum-
prir isso, apresenta-se um modelo de simulacdo discreta que determina
0s tempos dos processos e prognostica a demanda. O tempo efetivo para
a prestacdo do servico é de até 4 horas por usudrio; no entanto, com os
resultados das simulagdes, consegue-se reduzir essa margem de espera em
até 50%, mediante o download de tarefas administrativas dos médicos e
enfermeiras e a implementacdo de um distribuidor eletrénico de senhas.
Dada a importancia relativa do servico ao cliente para uma Ipss, a simu-
lacdo de eventos poderia ser implementada em diferentes cenarios que
permitam ser integrados nos processos de planejamento e tomada de
decisoes

PALAVRAS-CHAVE: simulacao discreta, pesquisa de operagdes, servico ao
cliente, técnicas de otimizacéo, anélise empirica.

MODELE DE SERVICE CLIENT MULTICANAL DANS UNE IPSS : UNE
ETUDE DE CAS AVEC SIMULATION DISCRETE

RESUME : Cet article évalue la capacité réelle du systéme de service
client dans une institution prestataire de services de soins de santé
(1pss), ot les utilisateurs demandent certains services via un systéme
d'attente pour plusieurs canaux M/M/n avec des arrivées de Poisson et
des temps exponentiels. Le systeme de services actuel fonctionne avec
I'attente des utilisateurs sur plusieurs stations, de sorte qu'ils sont soumis
a plusieurs queues pour compléter les services de tests de diagnostic
requis. L'objectif de ce travail est de développer une méthodologie pour
définir des stratégies d'amélioration de la perception du service et de la
performance de I'iess. Pour ce faire, on présente un modéle de simulation
discret qui détermine les temps des processus et prévoit la demande. La
durée effective de fourniture du service peut aller jusqu'a 4 heures par
utilisateur. Cependant, avec les résultats des simulations, il est possible
de réduire cette marge d'attente jusqu'a 50%, en déchargeant les taches
administratives des médecins et des infirmiéres et en mettant en place un
distributeur de billets électronique. Etant donné I'importance relative du
service client pour une 1pss, la simulation d'événements pourrait se mettre
en ceuvre selon différents scénarios pouvant s'intégrer aux processus de
planification et de prise de décision.

MOTS-CLE : simulation discréte, recherche opérationnelle, service client,
techniques d'optimisation, analyse empirique.
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ABSTRACT: This paper evaluates the real capacity of the customer service system in a Health Care
Service Provider (Hcsp) in which users request a service using a multi-channel M/M/n queueing
system with Poisson arrivals and exponential times. The assistance process shows that an individual
who wants to request a diagnostic test must wait his/her turn in several cubicles. The aim of this
paper is to develop a methodology that generates two-way results in improving not only Hcsp perfor-
mance, but also in implementing strategies that lead to better service perception. A discrete-event
simulation model is presented to determine the times for processes and forecast the demand. The
entire process in Hcsp takes up to four hours, although, based on our results, waiting times could
be 50% shorter by decreasing the number of operative tasks that physicians and nurses should
perform and implementing an electronic ticket dispenser. Improving customer service is relevant for
a Hcsp organization. Therefore, our simulation process could be implemented in different scenarios
in order to integrate results in planning and decision-making processes.
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Introduction

This project deals with commercial management applied
to health care services, a field that counts with infinite
possibilities to apply modeling techniques such as the
queueing theory, methods and times, and linear program-
ming, among others. Under the current unsettled condi-
tions, health care entities, as service-providing institutions,
not only need to offer a wide range of services for their
users, but also to develop strategies to provide such ser-
vices appropriately. Therefore, aspects such as users’ com-
fort are critical for success. This variable is closely related
to the time a service is requested and the moment it is pro-
vided (Jiménez, 2011).

In this way, one of the parameters for estimating the de-
mand for care at the Health Care Service Providers (Hcsp)
is their operating hours; that is, from 6:00 a.m. to 6:00
p.m. Evidence shows that the assistance process has se-
rious weaknesses, since users have to repeatedly wait for
services at several stations; therefore, they are subject to
remain standing in multiple lines waiting for the required
services. At the first station line users have to wait for the
taking of a blood sample, which will be later used by physi-
cians for the diagnosis of diseases. Afterwards, users have
to wait approximately one hour for medical consultation.
Finally, they have to wait almost 45 minutes to obtain the
results of their examinations. Thus, time estimates by the
manager are far from the actual estimates, generating a
gap of two hours per user, on average. In this way, service
operation costs are expected to increase, while users’ sat-
isfaction with the service provided diminishes.

Discrete Event Simulation (pes) has been widely used in
modeling health-care systems for many years and the
number of papers published has steadily increased since
2004 (Ginal & Pidd, 2010). This methodology provides
elements of judgment with a direct impact on patients’
care, cost reduction and users' satisfaction, making pos-
sible to achieve an adequate distribution of resources in
the health care system (Brailsford & Hilton, 2001). On this
regard, Gardner and Berry (1995) carried out a research
study in which simulated experiments were developed
for treating three groups of patients. The integration of
varying techniques is presented as a differentiating ele-
ment, since the simultaneous application of industrial en-
gineering techniques -recording time, studying demand,
and studying the waiting process and discrete event simu-
lation— have been often used separately. All of these have
been applied by health service providers to find an optimal
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solution to their installed capacity problems, which is un-
derstood as the recommendations to implement the best
response to the problem addressed (Eppen, 2000); in this
case, the constant lines users have to make in the customer
service area.

In this context, Duguay and Chetouane (2007) described
a DEs study of an emergency department in a Canadian
hospital in which the objective was to reduce patient
waiting times and improve overall service delivery and
system throughput. In the same way, by determining the
optimal number of doctors, laboratory technicians and
nurses required, Ahmed and Alkhamis (2009) presented
a combination of simulation techniques with optimization
to maximize patient performance and reduce patient time
spent in the emergency unit of a government hospital in
Kuwait. In addition, Knight, Williams, and Reynolds (2012)
proposed a simulation for modeling the selection of pa-
tients for knee surgery in Wales, United Kingdom. Using hi-
erarchical models, Hall (2013) tried to resolve waiting times
by establishing a sequence of activities patients must go
through in order to receive attention, also including the de-
velopment and implementation of performance measures
for the system. Norouzzadeh, Riebling, Carter, Conigliaro,
and Doerfler (2015) proposed a simulation model using
Des for the optimization of the total time patients spend
in a clinic in the United States. More recently, Kad, Kuv-
vetli, and Colak (2016) studied the blood laboratory of a
university hospital via discrete event simulation to analyze
processes and bottleneck operations, while Demir, Gunal,
and Southern (2016) developed a pes model for capturing
individual patient pathways until discharge.

After this introduction, which presents the problem, goals
and justification of our study, the paper is organized as fol-
lows. The second section exposes the theoretical grounds
for modeling systems and their application in business.
The third section is a theoretical approach to the meth-
odology and introduces the probability distributions that
can be applied; ProModel will be used for the simulation
process and Statfit and Excel for statistical analysis, so
that program frameworks with information about times
could be obtained for modeling the probability distribu-
tions of customer service times. The fourth section sets
forth the methodology suggested, as well as the data and
the information to be used; field research, analysis of in-
formation and modeling application are presented in this
section as well. The last section gathers the main findings
of our research, as well as its limitations, and signals fu-
ture research lines.
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Theoretical Framework

Work Measurement

Through a set of procedures, work measurement aims to
establish the time it takes a qualified worker to carry

out a defined task according to a preconfigured rule
of execution (De-la-Fuente-Garcia, Gdmez-Gémez, Garcia-

Fernandez, & Puente-Garcia 2006). It is the application
of diverse techniques, such as work measurement and the
study of methods, to systematically study the work of man
in all contexts in order to identify improvement plans by
inquiring about the determinants of efficiency and produc-
tivity of the object under study (Aguirre-de-Mena, Rodri-
guez-Fernandez, & Tous-Zamora, 2002; meyers, 2000; orT,
2005). The study of methods is considered essential to de-
crease the proportion of work and discard the redundant
processes carried out by employees, with the objective of
replacing inappropriate tasks by efficient activities. Thus,
when the causes of unsuccessful time are established, it is
feasible to carry out strategies such as, for example, rede-
signing processes that do not add value or combining tasks
when possible (Alfaro-Beltran & Alfaro-Escolar, 1999; Cas-
tanyer-Figueras, 1988; Meyers, 2000; Prieto, 2007).
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Work measuring general procedure is made up of six stages:
(i) task selection, (ii) relevant information recording, (iii) crit-
ical data analysis, (iv) work measurement, (v) standard times
collection, and (vi) definition of the operational method. It
is important to note the strict observance of the previous
stages when defining the standard time (Neira, 2006).

Queueing Theory and Work Measurement

To define a queue line service, the arrival of the customer
and a service provision must be occurring at irregular inter-
vals. Most of them follow the basic process for formulating
a queueing model, that is, units requiring a service arrive at
the system. Such units enter the system and join the line. At
certain points in time an element from the line is selected
to be provided with a service by means of a rule known
as "queueing discipline”. Then, the “service discipline” pro-
vides the unit selected with the service requested (Thierauf,
1995). Lines are common phenomena in diverse indus-
trial and commercial activities, such as banks and stores,
production orders, service stations, and others (Calderén,
1979). Healthcare services are not the exception, since var-
ious research studies on the field have reviewed the appli-
cation of queueing theory in specific categories.
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The use of the standard M/M/s model, its conjectures, ex-
tensions, and implementation in Hcsps is crucial to estab-
lish the necessary number of servers to offer an adequate
service and increase consumer satisfaction. We found sev-
eral studies on waiting queue models, such as the McClain
model (1976), which analyzed different techniques to de-
termine the incidence of bed allocation policies on utiliza-
tion, waiting time, and the probability of rejecting patients.
Nosek and Wilson (2001) focused the use of queueing
theory in pharmacy applications with a special emphasis
on identifying tactics to improve client fulfillment by pre-
dicting and reducing waiting times and adjusting staffing.
Green (2006) approached queueing theory to show its
application in healthcare by means of models, which ar-
gued the correspondence of variables such as time delays,
installed capacity, and number of nurses. In addition, Fo-
mundam and Herrmann (2007) studied the application
of queueing theory in specific variables, such as waiting
time and utilization analysis, system design, appointment
systems, and system size. Meanwhile, two research papers
reviewed the existing academic literature in the field of
discrete simulation in healthcare settings. In the first in-
stance, Jacobson, Hall, and Swisher (2006) report that a
significant number of papers are devoted to understand
the relationship between health systems inputs (hours
and routes of care, triage, installed capacity, and human
capital) and their products (waiting times and evolution
of patients, designation of medical personnel, and use of
facilities). Additionally, Lakshmi and Appa-lyer (2013) es-
tablished three categories for the classification of methods
in health care systems: (i) design (type of care, facilities,
pharmaceutical services); (ii) operation (scheduling of re-
sources and patients); and (iii) analysis (waiting times and
utilization, duration, and costs).

Basic Structure of Queueing Models

The queueing phenomenon is comprised of six main ele-
ments: (i) population source; (ii) the mechanism used by
customers to arrive at the service facilities; (iii) the char-
acteristics of the lines created; (iv) the mode of selecting
customers waiting in line; (v) the characteristics of service
facilities; and (vi) the conditions in which a customer leaves
the system [the customer returns or does not return to pop-
ulation source] (De-la-Fuente-Garcia & Diez, 2000). The
specific case of the population, as the set of potential users
of the system, can assume two conditions: restricted or in-
determinate. In the first case, when the number can be lim-
ited but there is a marginal condition where the arrival of
an additional client does not affect the possibility of arrival
of another user, it is considered infinite (Miranda, 2003).
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Lines are a tool where customers wait before being served
and they have a maximum permitted amount of customers
admitted. Lines may be delimited or unrestricted, de-
pending on the identification of the number of patients.
Standard models are based on the existence of a finite
number, even when the number of clients tends to increase
exponentially (relatively high) beyond a certain predeter-
mined threshold, as dealing with such a number can com-
plicate the analysis of information. The queueing discipline
is the system through which customers in line receive the
service (Render & Hanna, 2006). Frequently, the queueing
systems that reach their maximum amount of customer
tend to be very low and, therefore, need to assume a finite
line (Calderdn, 1979).

Service Discipline

The service discipline is the procedure used to provide cus-
tomers with a service requested. To determine the service
procedure completely, the number of servers in the disci-
pline and the probability distribution of the time each server
needs to complete the service should be known (Abad,
2002). As such, the operating time is registered from the
moment a patient receives assistance in the facility until
the end of the procedure. Then, to define a queueing
system, the probability distribution of operating time must
be specified for each server and different types of users,
although it is common to assume the same distribution for
all servers (Roscoe & McKeown, 1986). In this context, the
exponential distribution function has been the most used
technique for the time variable due to its employability and
adjustment conditions (Hiller & Lieberman, 2002).

Table 1 shows the mathematical formulation used to de-
termine the service discipline, in which the formulae cor-
respond to the queueing system M/M/s: Multiple-channel
Queueing Model, a multiple-channel queueing system ad-
justed based on patients' arrival. In this way, it is assumed
that users waiting for the service form a single line are as-
signed to the nearest server with vacancies. Single-phase
multichannel waiting lines are currently found in several
Hcsps, where customers start from a frequent line to later
advance towards the first available auxiliary nurse. Thus,
two conditions are assumed for the model: (i) a Poisson
probability distribution and an exponential distribution of
service times, and (ii) the first to arrive is the first to be
taken care of, since all servers work at a constant speed. In
addition, the other assumptions stated above are applied
to the proposed model.
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Table 1.
Mathematical Formulation Used for the Model.
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N = Limited size of the system
S =k = Number of servce channels

n = Number of customers in the system
o = Standard deviation operating time

& = Average rate of arrivals at the system
Po = Probability of empty system

1 = Average rate of service per unit
Lg = Average number of units n line

Ls = L = Average number of unit in the system
Pw = Probability of occupied system

Pn = Probability n units in the system

Source: own elaboration with data from Thierauf (1995).

Simulation

In spite of the unquestionable advantages of econometric
models they present some limitations. The first is the es-
timation technique as such, considering that once the
parameters and the exogenous and dependent variables
have been determined the causal relations to endogenous
variables may be estimated. However, once these values
are established, the link is always the same. For example,
if a relation between consumption and income is estab-
lished, as long as no other estimation is executed, the quo-
tient will always be the same, and the same independent
variables will always operate as well. The second limitation
is that econometric models are very unspecific and funda-
mentally contain linear equations. The inclusion of non-
linear relations in some of these models is an exception
(Pindyck & Rubinfeld, 1998). This is due to the difficulty
and, in some cases, the impossibility of finding solutions
with non-linear systems. Finally, non-economic factors
cannot be included in econometric models.

In view of the aforementioned limitations, it is possible to
use experimental procedures in the quest for particular so-
lutions. This is the case of methods used in engineering
that do not seek to find general mathematical solutions,
but to apply forms of numerical, graphical or other types
of solutions, as simulation models do. For this reason, the
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use of simulation tools for business problems has become
very popular in the last decade (Funke & Frensch, 1995;
Sternberg & Frensch, 2014) due to their innovative and dy-
namic focus, which differs from static models. With this
approach, it is possible to simulate scenarios, offering an
incomparable opportunity to study human and organi-
zational behavior and support decisions in work environ-
ments where both subjects and their actions are changing
constantly and simultaneously (Funke, 1991).

Then, the process through which the computational model of
a system is sketched and implemented is conceived as simu-
lation, making possible to carry out experiments in order to
understand the behavior of the system or evaluate strategies
for operating the system (Banks, Carson, Nelson, & Nicol,
2005; Coss-Bu, 1993). Another way of conceptually under-
standing the concept of simulation was proposed by Dunna,
Reyes, and Barrén (2006, p. 3), who refer to this phenom-
enon as "the set of logical, mathematical and probabilistic
relationships that integrate the behavior of a system under
study when a certain event occurs”. It is also defined as the
process of devising computer models that describe the essen-
tial part of the behavior of a system, as well as designing and
conducting experiments with such models for supporting de-
cision-making based on the conclusions derived from results
analysis (Rios, Rios, Martin, & Jiménez, 2008).
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In summary, simulation is considered an essential tool for
verification in different fields of knowledge. Thus, from sta-
tistics, computer science, engineering, physics, chemistry,
and, of course, economics and management, this method
shows a wide range of applications in commercial, service,
financial, and industrial scenarios (Rios et al., 2008).

Methodology

Making decisions about the problem already described
are part of a sequence of interdependent choices made
throughout a changing process, according to the sequence
of decisions or in both directions (Edwards, 1962). Since
the process is dynamic, decisions should be made based on
information collected in real time (Brehmer, 1992). Thus,
this study is an analytical research with a quantitative ap-
proach. Queueing theory and discrete simulation are ap-
plied to find the probability distributions of operating time
and demand in order to design a customer service module.
Most of the variables used are summarized in the literature
review, specifically in Fomundam and Herrmann (2007),
and Lakshmi and Appa-lyer (2013), who describe some
waiting time indicators, such as leaving without treatment
ratio, variable arrival rate, priority queueing discipline, and
minimum waiting time.

Under the premise that the institution is subject to a
strong and permanent competition, the improvement pro-
cess of system performance requires an efficient service
provision that contributes directly both to retain and to
obtain new users. High quality and efficiency are directly
correlated with the volume of users served, the reduction
of both waiting times and the total permanence, the re-
duction of extra payments made to staff, coupled with rea-
sonable rates of staff utilization and reduction of system
downtime. Thus, queuing models support management de-
cision making by providing information required to balance
service costs with wait-line costs (Jacobson et al., 2006).
In this sense, a high percentage of waiting line analyses
uses both different measurements and system perfor-
mance variables. The most common are: average time
spent per customer in the queue; average queue length;
average time per customer in the system, considering both
waiting time and service; average number of customers in
the system; percentage of service inactivity; system utili-
zation rate; and percentage of customers in the system.
In addition, this work relied on historical information that
exceeded 380,000 records and the methodology brought
together different activities, which are described below.
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Diagnosing the Current Situation

At this stage all the institution processes have been exam-
ined and the data from previous studies collected for anal-
ysis in order to create a comparative basis of the "before”
and “after” the project.

Making a Study of the Methods and Times

Customer service activities were analyzed. The protocol
followed is based on the standards by the International
Labour Organization (iLo). Flowcharts were created for the
operations and processes, and supplements were valued
for each task. Then, times were measured with a chronom-
eter and standard times for each of the described opera-
tions were recorded.

Analyzing Demand

Data was collected through direct observation and time
was recorded between the arrivals of users at the system
for analysis and modeling. Historical information of the
company was used to adjust the demand and propose
the theoretical probability distributions that best suit the
company.

Queueing Study

Current queueing system was analyzed with data for the
demand, allowing to develop the model according to the na-
ture of the system. An M/M/n model, which should be con-
trasted with the study, has been proposed as a hypothesis.

Creating a Simulation Model

The simulation was carried out using the information of the
aforementioned processes and the queueing system analy-
sis. ProModel software was used for running a simulation
that describes current reality as accurately as possible.

Validating the Simulation

Random characteristics were validated with the first model
using hypothesis testing and confidence intervals. In order
to determine the consistency of the model, it was com-
pared with real data. In case of discrepancies, variables
that “make noise” were adjusted in the initial model.

Experimenting with the Simulation Model

After verifying the consistency of the model the system
was tested using different improving scenarios, whose be-
havior was analyzed in order to identify the best adjust-
ment to reality.
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Analyzing Results

Once improved results for the different scenarios were ob-
tained, the effectiveness of suggested improvements was
contrasted. In addition, some strategies that contribute to
solve the problem of long-waiting lines were proposed.

Hypothesis

Diagnosis of the situation suggests different sources are
causing this problem. The first is focalized in the lack of
knowledge about system's capacity, since times for pro-
cesses (both old and new) have not been determined. The
second is the variability on the quantity of available doc-
tors, their shifts and their distribution in the system. A third
source is the lack of demand studies to formulate an effi-
cient service model.

Field Research

Input data analysis was carried out using the historical da-
tabase of a Hcsp for the period 2014-2015, which includes
384,237 records with information about patients and the
tests they were subject to.

Types of Patients

With the aforementioned information, 10 types of patients
were defined along with the potential combinations of tests
they could take. This covers 80.25% of the patients in the
database and 69.78% of the tests performed during 2015.

Data Collection

Times of the activities performed for each type of customer
were recorded. These activities are: calling out the patient,

Table 2.
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taking a pre-sample of blood, drawing blood, weighing
the patient, performing a vision pre-test, taking measure-
ments, applying a spirometry questionnaire to the patient,
performing an audiometry test, performing a medical as-
sessment, and printing the results of examinations.

Times

Information was adjusted according to the variability in
times to define probability distributions with the best fit to
the real data. This procedure required a descriptive anal-
ysis of data by means of frequency histograms and central
trend measures. Table 2 shows an example of the descrip-
tive statistics and the frequency histogram for the analysis
of the activity “calling the patient”.

Table 3 shows the variability of operating times, which
suggested adjusting the data to probability distributions.
Then, an independence analysis was performed both for
times and demand for each type of customer using scatter
plots and runs tests to verify the lack of correlation of data.
Graph 1 shows the independent analysis for the activity
“calling the patient”.

After statistical analysis and independence tests, the ad-
justment of distributions was performed applying Chi-
squared, Anderson-Darling, and Kolmogorov-Smirnov tests.
These were applied using the maximum likelihood estima-
tion. It is remarkable that all the times, which are contin-
uous, adjusted to known distributions. The activity “calling
the patient” is presented again as an example.

Statistical Analysis of Demand

The demand has been adjusted for each type of customer
according to the data collected. For this purpose, time was

Descriptive Statistics and Frequency Histogram of the Times to Call Patients.

Descriptive Statistics

Data points 30 0.40
Minimum 3.16

Maximum 17.84

Mean 8.486

Median 7.82 0.20
Mode 7675

Standard deviation 3.22265

Variance 10.3855

Coefficient of variation 379761

Skewness 0.912205 0.00
Kurtosis 0.881213

Source: own elaboration.
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Table 3.
Variability of Times and Descriptive Analysis.
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s | 2s5g|Es§ 3 EX | EZ £ g 5% | 55| 53 59| 5%
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8.49 8.49 0.141 3.223 222 39 1% 1 9.42 0.16 0.003 9.42 0.16
28.14 28.14 0.469 7.558 111 20 1% 1 31.23 0.52 0.009 31.23 0.52
97.91 97.91 1.632 48.212 373 66 11% 1 108.68 1.81 0.030 108.68 1.81
13.82 13.82 0.230 3.324 89 16 1% 1 15.34 0.26 0.004 15.34 0.26
31.22 31.22 0.520 13.665 294 52 1% 1 34.65 0.58 0.010 34.65 0.58
154.34 154.34 2.572 72.523 339 60 1% 1 171.31 2.86 0.048 171.31 2.86
8.90 8.90 0.148 2.331 105 19 1% 1 9.87 0.16 0.003 9.87 0.16
113.15 113.15 1.886 26.977 87 15 11% 1 125.59 2.09 0.035 125.59 2.09
35493 | 35493 |5916 171716 | 360 63 1% 1 39398 |6.57 0.109 393.98 | 6.57
238.99 238.99 3.983 67.269 122 21 1% 1 265.28 4.42 0.074 265.28 4.42
730.09 730.09 12.168 131.669 | 50 9 1% 1 810.39 13.51 0.225 810.39 13.51
577.32 577.32 9.622 427647 | 843 148 1% 1 640.82 10.68 0.178 640.82 10.68
Source: own elaboration.
Calling the Patient
18.00
10.00
2.00
2.0 4.0 6.0 8.0 10. 12. 14. 16. 18.

Graph 1. Independent analysis for the activity "Calling the patient”. Source: own elaboration.
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Table 4.
Adjustment to Probability Distributions of the Times.

Goodness of fit Auto: Fit of Distributions
Data points 30
Estimates Maximun likelihood estimates
Accuracy of fit 3.e:004 Distribution Rank Acceptance
Level of significance | 5.e-002
Summary
Distribution Chi Squared Kolmogorov Anderson

Smirnov Darling Pearson 5 [-5.2, 20.5, 267] 100 Do not reject
Beta 0.4 [5] 8.97e-002 0.213 Lognormal [-1.98, 2.3, 0.297] 99.9 Do not reject
Chi Squared 2.81[5] 9.34e-002 0.295 Gamma [1.07, 5.47, 1.36] 99.4 Do not reject
Erlang 1.6 [12.4] 7.82¢-002 02 Pearson 6[3.16, 231, 3.06, 129] 98.8 Do not reject
Exponential 12.4 [5] 0.256 3.05 Erlang [1.07, 6., 1.24] 98.5 Do not reject
Gamma 2.[5] 7.42¢-002 0192 Beta [3.16, 44., 2.65, 17] 94.7 Do not reject
Lognormal 1.6 [5] 7.29¢-002 0173 Weibull [2.66, 1.9, 6.56] 94.6 Do not reject
Normal 4.415] 0131 0.512 Rayleigh [2.52, 4.77] 934 Do not reject
Pearson 5 1.6 [5] 7.23e-002 0.168 Chi Squared [.26, 6.34] 88.8 Do not rej:ect
Pearson 6 0.4 [5] 7.59¢-002 0.206 Normal [8.49, 3.17] 471 Do not reject
Power Function 15.2 [5] 0.244 273 Triangular [2.3, 18.7, 6.46] 20.6 Do not reject
Rayleigh 2.[5] 8.83e-002 0.256 Power Function [3.14, 19.5, 0.696] | 0.175 Reject
Triangular 2.8[5] 015 0.865 Exponential [3.16, 5.33] 8.49e-002 | Reject
Uniform 17.2[5] 0.301 501 Uniform [3.16, 17.8] 1.86e-003 | Reject
Weibull 2.[5] 8.42e-002 0.26

Source: own elaboration.

divided into hours and each hour adjusted to a probability
distribution. In the case of demand, it was found that the
arrival of patients did not adjust to known discrete distri-
butions, as the theory states; especially in the case of the
Poisson distribution. In view of this situation, an empirical
discrete distribution was created for each customer in each
of the defined windows of time (Harrell, Gosh, & Bowden,
2000). The adjustment for the type of customer 1 at hour 1
is showed below. There was a total of 123 probability distri-
butions to model demand and 12 to model operating times.

Results

Presentation of the Model

The proposed system is made up by 48 entities, as fol-
lows: one line for arrivals, three cubicles for samples, 6
cubicles for vision tests and spirometry, 14 offices for doc-
tors, 3 offices for audiometry, 1 weighing scale, 1 place for
measuring patients, 4 waiting rooms, and 15 spots for as-
sistants. Additionally, we develop a pilot test with an elec-
tronic device in order to test the response time and develop
strategies to improve the process for calling patients.
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Table 5.

Discrete Empirical Probability Distributions for Demand.

Users Hour 1 Density E(X)
0 0.606 60.6 0.606 0.000
1 0.822 82.2 0.216 0.216
2 0.887 88.7 0.065 0.130
3 0.921 92.1 0.034 0.102
4 0.949 94.9 0.028 0.112
5 0.959 95.9 0.010 0.050
6 0.962 96.2 0.003 0.018
7 0.976 97.6 0.014 0.098
8 0.983 98.3 0.007 0.056
9 0.986 98.6 0.003 0.027
10 0.986 98.6 0.000 0.000
11 0.990 99.0 0.004 0.044
12 0.993 99.3 0.003 0.036
13 0.997 99.7 0.004 0.052
14 1.000 100 0.003 0.042

Expected Value 0.983

Source: own elaboration.
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Figure 1. Process diagram and customer service layout. Source: own elaboration using ProModel Software.

Entities

The model has 10 types of entities that represent and
match the types of customers defined above.

Networks

Atotal of 36 networks were created to simulate all the refer-
rals that take place in the customer service area. Networks
were defined based on speed and distance, a task that de-
manded real measures between each place of work where
patients, doctors, and assistants circulate. Networks were
defined as follows: 6 networks for spirometry and vision
tests, 3 for speech therapists, 14 for physicians, 3 for labora-
tory samples, and 10 networks for users to pick up diagnosis.

Resources

A total of 26 resources were modeled, which correspond
to the number of staff that provides services in the fa-
cilities of the Hcsp. The resources proposed get a speed of
20 users per minute. In the same way, 6 resources were
proposed for vision and spirometry tests, 3 for laboratory
samples assistants, 14 for physician specialists, and 3 for
speech therapists.

Process

The process describes all the procedures that patients have
to go through in the system (figure 1). The process varies
depending on the type of customer. The programming of
the process required 341 lines of code to model the whole
system with the 10 types of customers. In addition to
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the ProModel codes, some codes were created to guar-
antee that the model accurately represents the process in-
tended to be modeled. Arrivals were created for each of
the 10 types of selected customers, who arrive at a line
with arrival cycles that will be explained later. The arrival
frequency is 24 hours. Eight types of turns were defined
according to the services currently provided at the Hcse.
Figure 1 describes the procedures that each patient has to
go through and the process carried out within the system.

Global Variables

A total of 12 global variables were created; among these,
the records of arrivals for each type of customer to accu-
mulate the total of customers per day.

Arrival Cycles

Ten arrival cycles were created, one for each type of cus-
tomer, as to represent the demand of customers per day
and hour. Each hour is represented by a discrete empirical
probability distribution.

User Distribution

The demand of each type of patient was adjusted for each
hour of care provided. The resulting empirical distribu-
tions of the aforementioned adjustment were entered as
user distributions in ProModel (Blanco & Fajardo, 2003). In
total, 123 user distributions were created. These will repre-
sent the demand of entities in the model.

INNOVAR VOL. 29, NUM. 72, ABRIL-JUNIO DEL 2019
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Table 6.
Results of 30 Simulation Runs to Determine Arrival Times.
Total Total Total Total Total Total Total Total Total Total Total
arrivals arrivals arrivals arrivals arrivals arrivals arrivals arrivals arrivals arrivals Arrivals
type 1 type 2 type 3 type 4 type 5 type 6 type 7 type 8 type 9 type 10
Average 1,856.13  |4,889.03 |1,650.97 |590.32 354.19 6,576.77 |2,688.39 |267.10 493.55 344.52 19,704.52
Deviation 597.18 897.31 682.33 304.01 171.36 1,302.31 1,376.21 182.54 669.51 212.40 2,808.83
Lower limit |1,642.43 |4,567.93 [1,406.80 |481.53 292.87 6,110.75 {2,195.92 |201.78 253.97 268.51 18,699.39
Upper limit |2,069.83 |5,210.13 |1,895.14 |699.11 415.51 704280 |3,180.86 ([332.42 733.13 420.52 20,709.64
E:Ef:ted 18276 |4903.2 |1,7694 |5952 3786 (6396 27096 |2616  |3306 (3144 19,485.6
Source: own elaboration with data from the Hcsp.
Table 7.
Behavior of the Several Types of Patients in the System.
Tvpe Percentage of | Percentage of | Percentage of Tvoe Percentage of | Percentage of | Percentage of
yp movement waiting time operating time yp movement waiting time operating time
Patient 1 2.94 4749 49.57 Patient 6 2.68 48.44 48.58
Patient 2 3.75 47.35 48.9 Patient 7 3.98 10.5 85.52
Patient 3 3.89 41.43 54.68 Patient 8 1.34 57.52 41.14
Patient 4 1.91 42.36 55.73 Patient 9 3.37 2.92 93.71
Patient 5 2.97 36.68 60.35 Patient 10 2.6 39.64 57.76
Average Percentage of 2.94 Per'cgntage of 3743 Percen.tage.of 60.71
movement waiting time operating Time

Source: own elaboration

Stream

A seed was provided for ProModel's random number gen-
erator in order to change the seed in each of the runs and
carry out the statistical validation of the model. In this sim-
ulation streams were added starting with number 1.

Model Validation

The model was run independently 30 times throughout a
year for validation. Besides, 30 different seeds were used.
The total amount of arrivals was counted for each run and
each type of patients in order to determine the mean and
standard deviation of total arrivals per type of patient. The
statistical significance was 5%, which represents a value
of Z=1.96. For this case, N = 30. Table 6 shows simulation
data with a statistical significance of 95%. With the data
provided above, a confidence interval was developed for
each patient type. Additionally, patients' expected value in
each confidence interval was compared in order to verify
its position within the limits created. As a result, 100%
of the cases placed within the limits of the confidence in-
terval, suggesting that the model works as expected.
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Analysis of Model Results

The simulated year of operation allowed concluding that,
on average, users wait 44.72 minutes to be taken care of
by the auxiliaries, whether for spirometry or vision tests
or in blood sampling. In the results area, the user stays
an average of 36.34 minutes. Laboratory sampling process
records the longest waiting time with a total of 64.45 min-
utes. This data is relevant, considering that users have fur-
ther vision or spirometry tests that take 44.72 minutes on
average. Therefore, a user with laboratory, vision or spirom-
etry tests waits for 109.17 minutes in the system, adding
up the waiting for the results (36.4 minutes); this means
that an individual must wait 145.51 minutes in the system,
without counting the times for other processes.

Along those lines, vision and spirometry tests assistants
have been involved the most, with an average of 85% of
the occupation, which partly explains the bottleneck in the
waiting room. The referral percentage consumed about
2%, an idle period due to the interruption of the activity
in motion in order to call the next user. Something sim-
ilar happened with doctors, who take a similar time to call
the next patient. Table 7 summarizes the behavior of the
several patient types and shows time consumption per-
centage for a user in the system. Average waiting time
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Graph 2. Waiting and operating times per type of patient. Source: own elaboration with data from the Hcsp.

represents 37.43% of the total time users spend at the
Hcsp, while average operating time is 60.71%, and average
referral time 2.94%.

Patient types 7 and 9 waited the least in the system due
to the number of processes they required, while costumer
type 8 waited the longest, with a 57% of waiting time, as
seen in graph 2. The chart on the right shows that patients
had an average operating time of 59.6%, except users 7
and 9, who had the best care percentage. The graph on
the right allows us to infer that, on average, 59.6% of the
time clients were receiving some type of service. Therefore,
the remaining 40.4% they were waiting for a service. Pa-
tients 7 and 9 presented effective service times (+ 85%).

Discussion

Different studies on the subject that were reviewed in
this work allow concluding that the theory of queues has
been recurrently applied in companies of different sectors
for the evaluation of processes that involve waiting lines.
Several works show its application in different hospital
activities, such as emergency services, cardiology units,
surgery services, and operating theatres. Its greatest ap-
plication has taken place in the allocation of scarce re-
sources (Fomundam & Herrmann, 2007) and health care
management (Lakshmi & Appa-lyer, 2013). Health policy
researchers have even tried to apply these techniques in
the analysis of the value chain of health systems. However,
a large percentage of the formulated queueing models do
not count with validation mechanisms, possibly restraining
their application among physicians and hospital adminis-
trators (McManus, Long, Cooper, & Litvak, 2004). In this
sense, this work is a great contribution for exploring the
usefulness and implications of the theory of queues in the
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supply and demand of health services, as it shows how
work measurement techniques, queuing models, and dis-
crete simulation are combined in the analysis of health
care processes in a private institution.

Our results show very important practical implications, as
they demonstrate that the current capacity of the health
institution analyzed overestimates the use of measures
that do not consider the randomness of the demand, rep-
resented in the random arrival of users. Therefore, utiliza-
tion percentages can be more accurately determined using
probability distributions.

Another important finding of our research is that the prob-
abilities of providing a good service are mathematically
determined by the duration of tests and the arrival rate
of users when a fixed number of doctors and nurses are
available; although common capacity utilization mea-
sures, such as daily arrivals and average occupancy, do
not capture the deficiencies and delays related to flow in
the system, thus representing a failure that often leads to
wrong decision making.

Finally, although results can be generalized to peer insti-
tutions with similar demand patterns, they are not neces-
sarily applicable, since other Hcsps may be operating below
their real capacity or count with specialized sub-units. In
particular, our results can significantly underestimate the
conditions of small institutions, whose rejection levels
could be higher compared to large institutions. Similarly,
the sensitivity analysis included in this paper describes the
expected performance under an arrival rate that is consis-
tent with the observed service times in the sample, which
may differ from one institution to another, as it also could
happen with results.
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Conclusions

The discrete event simulation is able to model complex sit-
uations that in many cases have no analytical solutions.
These models allow representing a particular analytical
scenario and its management in a more flexible way and
with fewer restrictions, enabling a closer look at reality,
as required by this type of context. The model, as a final
product of this study, allows decision makers to improve ser-
vice operations in their organizations through the insertion
of several types of mechanisms that expedite the process,
ranging from the patient call and the use of some tech-
nological devices. Based on the discrete simulation model
proposed in this research, waiting times at the Hcsp studied
have decreased around 50% by decreasing the number of
operative tasks that physicians and nurses should perform
and implementing an electronic ticket dispenser.

The main cause of long waiting times for users at the Hcsp
studied was the multichannel organization process fol-
lowed by this institution and the high frequency of users;
i.e. the time running between the submissions in every
channel until the final discharge of the user. This is usually
a long process when patients show particular health prob-
lems. Therefore, the reconfiguration of the administrative
processes is approached as a possible solution to reduce
the time of service. By experimenting with the Hcsp's cur-
rent system was possible to evaluate a configuration corre-
sponding to the improvement plan that should be defined
by the institution.

With the results obtained from the simulation event, the
following alternatives have been presented in order to re-
duce the waiting time users are exposed to:

e Hire personnel to call out patients so that assistants
do not interrupt their work. The results of this scenario
showed that when assistants did not interrupt their ac-
tivities for calling the next user there was an increase
in the use of resources thanks to the elimination of
downtime.

e Establish overlapping shifts for doctors. This scenario
generates an increase in doctors' availability during
times of high flow of patients. This alternative produces
a reduction in lines and increases the rate of resource
utilization.

¢ Design a dashboard to depict operation efficiency indi-
cators. This option arises from a brainstorming session
with the management, which emphasized the need of
a system for the control and measurement of results.

¢ Arrange appointments to reduce the random effect of
demand. This option is executed under the assumption
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that the commercial area must schedule at least 40%
of the demand for the services offered. In this scenario,
times are significantly reduced for users, and there is
less need for full-time doctors and assistants, and work
under the appointment method.

e Install an electronic ticket dispenser so doctors do
not interrupt their activities to call the next user. This
scenario was contrasted with the option of having a
person calling patients, showing greater benefits both
in time and money.

Limitations

The main limitation of this study lies in the resistance to
change that emerged in the operating staff, since the idea
of implementing control measures makes them feel there is
a high risk of losing their jobs. In that sense, was necessary
to carry out awareness sessions to explain that measures
were only intended to improve customer service.

Future Research

Colombia has experimented radical changes in its health
system during the last decade, represented in an accel-
erated increase in competition, an increase in service
coverage that affects the occupancy rates of public and
private hospitals, and a larger number of organizations
dedicated to health care services. In this context, con-
tracting methods, service provision, and forms of payment
for health care have also evolved, converging in a crisis
in the hospital system that calls for research about its
response capacity. To this end, it is possible to integrate
simulation and optimization techniques in the evaluation
of support models for the formulation of health policies
aimed at improving the use of resources in the operation
of emergency units in Colombian hospitals.
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