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Abstract

Intensive care units (ICUs) are one of the most important elements of hospitals. ICUs play a central role
in the healthcare system and in providing care for critical patients, so capacity planning in these units is
critical. A shortage of ICU beds and staff can have irreparable consequences, including patient death.
As a result, hospital managers make efforts to determine the appropriate number of beds. However, the
interarrival time (IAT) of patients to ICUs and the service time (ST) of patients in ICUs are stochastic in
nature. Consequently, capacity planning is a dynamic operations management problem. For this
research, we used mixture distributions to approximate the interarrival time (1AT) and service time (ST)
of patients in ICUs. We then incorporated these distributions into a simulation model that helps us to
determine the number of beds needed to accommodate all incoming patients without any waiting in the
gueue. The results show that the mixture distributions provide a better estimate than empirical statistical
distributions.
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1. INTRODUCTION

Intensive care units (ICUs) play an important role in the healthcare system, providing care for
patients who require immediate attention [1]. The number of ICU beds is one of the most
important factors that directly affects the health status of patients. A shortage of ICU beds can
lead to a delay in referral, jeopardising the patient's chance of a full recovery or, worse, the
patient's life [2]. Given these critical conditions, the demand for ICU beds must be adequately
met. Given the stochastic nature of demand for ICU services in hospitals, resource allocation is
a challenging and dynamic problem.

Decision makers often use quantitative analysis techniques to solve dynamic problems.
Simulation modelling is one of the best methods for solving dynamic resource allocation
problems with constraints [3]. The ICU consists of three elements: interarrival time or arrival
rate, length of stay or service time, and the number of servers [1]. Understanding the structure
of the distribution of the interarrival time (IAT) and service time (ST) of ICU patients can
support operational decision making in hospitals. The accuracy of the simulation model
depends on well-predicted input parameters. However, fitting the pure statistical distribution of
IAT and ST is challenging because the data are generally random, highly right-skewed, and
long-tailed distributions [4].

Weibull, gamma, and lognormal distributions, which are commonly used to fit IAT and ST,
can represent this skewness and tail behaviour [5]. However, these pure statistical distributions
do not fit the IAT and ST of patient populations with a significant number of outliers [6]. In
such cases, researchers have generally preferred the empirical distribution. Empirical
distributions contain less information than pure statistical distributions. To deal with this
limitation, the mixture distribution has been proposed instead of the approximated empirical
distribution [7, 8]. Despite the proposed use of mixture distribution models as an alternative to
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approximated empirical distributions in healthcare, only a small number of researchers have
utilized this method to analyse health systems with data that do not conform to any pure
statistical distribution [9].

In this study, the use of mixture distribution models is presented for the analysis of highly
skewed and long-tailed Interarrival Time (IAT) and Service Time (ST) distributions. These
mixture distributions are flexible and do not require outlier removal or data transformation.
However, the calculation of the parameters of the distributions in a mixture distribution model
requires complex maximum likelihood estimation algorithms, such as the Newton—Raphson or
expectation maximization (EM) algorithm. Despite these limitations, mixture distribution
models have been proposed as a useful modelling technique to understand the IAT and ST of
patients. In this study, normal, Weibull, gamma, and lognormal mixture distribution models are
proposed for fitting the IAT and ST data and the EM algorithm is used to estimate the mixture
distribution model parameters.

Since ICU patients require immediate advanced healthcare support, the simulation model
of this paper aims to find the number of ICU beds that can serve all incoming patients without
waiting times in the bed queue. Our aim in this study is to develop comprehensive input
parameters using mixture distributions for IAT and ST, which are generally highly skewed and
contain a significant number of outliers, and to integrate these estimated mixture distribution
parameters into the simulation model.

In summary, the research objectives of this paper are as follows:

e To simulate the process for patients in two ICUs.

e To predict the most appropriate IAT and ST of patients using mixture distributions and
integrate these parameters into the simulation model.

¢ To find the number of beds that ensures no waiting times for patients.

e To investigate process outputs such as the percentage of rejected patients, bed utilization,
and minimum average waiting times.

The paper is organized as follows. Section 2 provides a comprehensive review of the
relevant literature. Section 3 outlines the research methodology, which encompasses the
identification of the system, the description and fitting of the data distribution, the presentation
and fitting of mixture distributions, the calculation of the EM algorithm required for parameter
estimation, the validation of estimated parameters, and the development of the simulation
model. Section 4 presents the research findings, which are founded on both real and simulation-
based approaches. Lastly, Section 5 discusses the outcomes and implications of the study and
suggests potential avenues for future research.

2. LITERATURE REVIEW

The literature review presented in this section is divided into two subsections. In the first
subsection, the review focuses on the use of simulation modelling in healthcare systems. The
second subsection focuses on the use of distribution models of input parameters in simulation
models.

2.1 Simulation modelling

This subsection examines the studies that have used simulation models to analyse performance
and resource allocation in healthcare systems. Health capacity management in the healthcare
system involves determining the necessary resources, such as staff, beds, and medical supplies,
that are required to enhance the performance of the system. These systems, with their numerous
variables and limitations, necessitate the use of complex linear and integer mathematical models
to accurately depict and solve the real system’s problems. Although there have been reports in
the medical literature of discrepancies between assumptions in mathematical simulation models
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[10], this method has still been widely adopted by various authors over recent years for capacity
management in the healthcare system [4, 11]. Studies examining the application of simulation
models in healthcare can be found in the literature, including [12, 13].

The complexity of the approximated mathematical model can be captured by the simulated
data and a simpler model can be adopted [14]. Simulation models have been widely used to
suggest policies based on different outcomes and probable or best scenarios in health systems
[15]. The aim of simulation models is to meet the objective function and to detect the number
of optimal resources [16].

The authors of one paper combined healthcare system simulation with optimisation to
determine the optimal number of doctors and nurses in an emergency department [17]. Aside
from capacity planning, a significant number of studies have also addressed the problems of the
design of healthcare systems of healthcare clinics by means of simulation and optimisation
tools. In addition to staff planning, the literature has also addressed the problem of consulting
room design using simulation and optimisation tools [18].

2.2 Input parameter estimation

The aim of this subsection is to provide a comprehensive overview of the application of
distribution models in healthcare simulation and to highlight the importance of using realistic
input parameters for the simulation models.

Simulation input parameter estimation in healthcare refers to the process of determining the
values of inputs for a simulation model that is used to study various aspects of the healthcare
system. In the last decade, various computational methods have been employed to predict IAT
and ST. Machine learning methods have been utilized in some studies [19, 20], as well as time
series models to predict patient arrival [21]. However, there remains a gap in the research, as
these methods may not fully represent the system and rely on unrealistic homogeneity
assumptions. Additionally, the skewed and outlier nature of IAT and ST distributions means
that it is challenging to fit them into pure statistical distributions.

Recently, the use of mixture distribution models has emerged as a promising solution for
dealing with skewed data and supporting decision making in healthcare management. The
incorporation of mixture distribution models into a simulation can improve the representation
of input parameters, making the queuing model a more accurate representation of real-time
conditions. Mixture distribution models have been applied in a variety of fields, including
business and marketing, as well as various branches of healthcare such as anatomy,
bioinformatics, and cell biology [22]. IAT and ST data have been fitted to normal, negative
binomial, exponential, Weibull, Poisson, and lognormal mixture distributions in some studies
[7, 23-25]. According to the literature review, in this study, four different continuous mixture
distributions (normal, Weibull, gamma, and lognormal) are implemented.

This paper aims to further advance the role of mixture distribution in fitting IAT and ST by
developing a comprehensive model that utilizes a simulation approach, incorporating a mixture
distribution model as an input parameter. The literature review highlights that this work
represents a novel approach for accurately estimating the required bed capacity by utilizing a
mixture distribution model to represent real data more effectively than empirical distributions.

3. METHODOLOGY

3.1 System description

The entities in the model are patients who arrive at random intervals. The process commences
upon the patient's arrival at the ICU. The flow of events is depicted in Fig. 1, which outlines
the procedure for patients arriving at the ICU. The time of arrival for each patient is recorded
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in the hospital database. The first come, first served (FCFS) policy is used to decide the order
in which patients occupy the beds.

The objective of the simulation model used in this study is to determine the number of beds
required to serve all incoming patients without any waiting time in the queue. In the event that
all beds are occupied when a patient arrives at time t, the patient will leave the system without
receiving treatment. On the other hand, patients who are able to secure a bed will occupy it for
the specified service time and then depart from the system.

Start —» Patient arrival EE— Register Patient
h J
Available Bed? YES—W Treatment —p Dispose
F Y

MO

Figure 1: Representation of patient-flow logic in the ICU system.
3.2 Data collection

The data utilized in this study were sourced from the database of a teaching hospital located in
Adana, Turkey, which offers round-the-clock medical care. This paper focuses on the patient
flow in two departments, specifically the Pediatric ICU and the Reanimation ICU. The values
of IAT and ST pertain to patients who were hospitalized from January 2018 to December 2018
and are expressed in hours.

The basic descriptive statistics of the IAT and ST for each department are presented in
Table I. The table includes sample size (n), mean (), standard deviation (o), median, skewness,
and kurtosis. The statistical analyses in this paper were carried out using RStudio x64 4.1.2,
and the simulation models were executed in ARENA on a device equipped with an Intel Core
i5-6200U@2.3GHz processor and 8 GB of RAM.

Table I: Basic descriptive statistics.

ICUs Type | Size (n) | Mean («) | Std. dev. (6) | Median | Skewness | Kurtosis
Pediatric IAT 758 10.59 10.68 6.77 1.99 6.77
ST 759 115.63 162.27 46.03 2.73 8.21
Reanimation IAT 254 32.93 39.19 23.71 2.8 10.35
ST 255 251.03 276.62 126.15 1.48 1.68

The mean and median are measures of central tendency, while the standard deviation,
kurtosis, and skewness are measures of variability. If the value of kurtosis is greater than +1,
the distribution is considered to be sharply peaked. A skewness within the interval of -1 and +1
is considered indicative of a normal univariate distribution, while a value outside of this interval
suggests a highly skewed and asymmetric distribution. When the data are symmetrically
distributed, the mean and median should be approximately equal. The results in Table | show
that the values of skewness and kurtosis for both ICUs fall outside of the acceptable intervals.
Furthermore, the mean and median values suggest that the IAT and ST in both ICUs are
characterized by asymmetric distributions.
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Figure 2: Boxplots and density functions of IAT and ST in ICUs.

Fig. 2 displays both boxplots and density functions. The IAT and ST values are all positive,
and the density functions exhibit long tails, indicating that the IAT and ST distributions in both
ICUs are right-skewed. The density functions emphasize the skewness and asymmetry of the
distributions. Boxplots provide a visual representation of skewness and outliers. As depicted in
Fig. 2, all values of IAT and ST are right-skewed and contain outliers.

3.3 Distribution fitting

In general, the distributions of ST are commonly fitted by the gamma, lognormal, and Weibull
distributions [7]. The Weibull distribution is formulated as f(x; k, 1), where k represents the
shape and A the scale parameter. The gamma distribution is represented as f(x;k,8) or
f(x; a, ), where k denotes the shape and 6 the scale parameter, or where a is equal to k as the
shape and S equal to 1/6 as the rate parameter. When the value of k is equal to 1, the gamma
and Weibull distributions are reduced to exponential distributions, making them both
generalized forms of the exponential distribution. The lognormal distribution is positively
skewed and exhibits a long right tail, which is obtained through the logarithmic transformation
of the normal distribution. As a result, the lognormal distribution always takes positive values;
the normal distribution is symmetric but the lognormal distribution is not. Both distributions
are expressed as f (x; u, o), with p indicating the mean and o denoting the standard deviation
parameter.

The Chi-squared (x?) test is a statistical hypothesis test used to evaluate the conformity of
a variable to a specified distribution. The sample data are considered to be consistent with the
null hypothesis (H,) when it fits the hypothesized distribution. If the p-value from the y? test
is below the significance level («), the null hypothesis is rejected [26]. Table Il indicates that
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the data do not conform to any of the five selected distributions (normal, Weibull, gamma,
lognormal, and exponential), as evidenced by the significance level (o = 0.05).

Table 11: Chi-squared (x?) goodness of fit test statistical p-values.

ICUs Type Normal Weibull Gamma | Lognormal | Exponential
Pediatric IAT 0.00 0.00 0.00 0.00 0.00
ST 0.00 0.00 0.00 0.00 0.00
Reanimation IAT 0.00 0.00 0.00 0.00 0.04
ST 0.00 0.00 0.00 0.00 0.00

If the data do not follow a pure statistical distribution, one approach would be to create an
independent empirical distribution from a given sample. In this paper, empirical distributions
were generated using the EnvStats library in RStudio.

In cases where the data do not fit a pure statistical distribution, the other approach is to
develop a mixture distribution to represent the data. The literature recommends using a mixture
distribution instead of a pure statistical distribution to obtain better results [7]. Mixture
distributions refer to statistical models that combines two or more probability distributions to
represent a single, overall distribution [27]. A mixture distribution is defined as a weighted
combination of two or more pure statistical distributions. Each component distribution can be
any type of probability distribution, such as normal, Poisson, exponential, etc. The mixture
distribution model was first proposed by Pearson [28]. The mixture distribution is defined by
three components: the mixture ratios (mq,m,, ..., Tx), the number of clusters (k), and the
distribution parameters f; (x; 81), f2(x; 03), ..., fr(x; 6):

f(x) =1 f1(x 01) + 12 f5(x503) + -+ + 7y fi (; 6y) 1)
0<m<1 i=12.,k Y m=1 (2)

A general representation of the mixture distribution is given by Eq. (3).
flo) = X, mif (x; 6;) 3

The first challenge in mixture distributions is to determine the number of components, noted
by k, and to choose the best fitting model. The main goal in finding the optimal value of k is to
partition the data into well-separated clusters. In other words, it is to divide the heterogeneous
data set into homogeneous clusters. Akaike Information Criteria (AIC) and Bayesian
Information Criteria are widely used to select the optimal k by balancing model accuracy and
complexity [24, 27]. AIC is defined as a function of the likelihood L (), of the k-component
model and is calculated as 2k — 2InL () [29]. BIC is computed as — In(n) k — 2InL(3), using
a stronger penalty than the AIC, which depends on the sample size, denoted as n [30]. k is
chosen according to the smallest AIC and BIC values. According to the work of Keribin [31],
the BIC provides a more accurate estimate than the AIC for the model selection of mixture
distributions. Therefore, in this paper, BIC values were calculated to select the best fitting
model of a mixture distribution, and BIC values were considered when selecting the number of
components in the mixture distribution.

Figs. 3 and 4 demonstrate the BIC values of normal, Weibull, gamma, and lognormal
distribution models for k = 2, 3,4, 5, and highlight the best-fitting distribution models. In the
pediatric ICU, the best-fitting mixture distribution for IAT was determined to be a three-
component gamma distribution, while the best-fitting distribution for ST was determined to be
a three-component lognormal mixture distribution, as shown in Fig. 3. On the other hand, in the
reanimation ICU, the two-component gamma and two-component lognormal distributions were
selected for IAT and ST, respectively, based on the lowest BIC values, as depicted in Fig. 4.
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Figure 3: BIC values and best-fit IAT and ST mixture distributions of pediatric ICU.
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The expectation-maximization (EM) method is a statistical algorithm that endeavours to
find the parameters of a dataset that maximize the likelihood function. This approach was first
introduced by Dempster [32]. The maximum likelihood estimate of the parameters 6 (x4, ..., x,,)
in a mixture distribution model with k components, created from n observations, is obtained by
maximizing L(y) for all values of 6. The components of the selected mixture distribution (the
mixture ratios (mq,m,, ..., ), the number of clusters (k) and the distribution parameters
fi.(x; 6;)) are shown in Table I1I.

Table 111: Estimated parameters of best-fitted mixture distributions.

ICUs Type Mixture Parameters
model Kk - 0,
Shape (a) Rate (B)
0.68 1.07 0.21
IAT Gamma 3| 025 21.33 1.13
. 0.07 5.96 0.16
Pediatric log-mu log-sd
0.29 2.99 0.22
ST Lognormal 3| 015 3.72 0.11
0.56 478 0.93
Shape (a) Rate (B)
IAT Gamma 2 0.72 0.55 0.02
) ] 0.28 10.63 0.37
Reanimation
log-mu log-sd
ST Lognormal 2 0.89 4.65 1.13
0.11 6.54 0.11

In a pediatric ICU, the majority (56 %) of patients are discharged after a prolonged stay, as
indicated by the mixture distribution of ST. In contrast, the service time of patients in a
reanimation ICU can be represented with only two components, and the majority (89 %) of
patients are discharged after a short stay. In both ICUs, the majority of patient 1ATs are brief.

3.4 Distribution validation

Distribution validation is the process of assessing whether or not a predicted empirical and
mixture distribution is appropriate.

In this paper, two methods are employed to assess the performance of the empirical and
mixture distribution models: the mean absolute percent error (MAPE) and the Mann—Whitney
U (MWU) tests. MAPE represents the percentage error between the actual (y;) and predicted
values (¥;) and is calculated as 100/n Y/~ |y; — 9;/y:|. A MAPE value greater than 10 % is
considered a highly accurate prediction [33]. The MWU test is a non-parametric statistical test
that determines whether two samples of quantitatively scaled observations are from the same
distribution. The H, hypothesis is that the distributions of the two populations are identical. If
the p-value of the MWU test is less than or equal to the significance level (0.05), the H,
hypothesis is rejected [34].

The MAPE values for the mixture distribution approach are all below 10 %, so it is deemed
to be a highly accurate prediction. Conversely, the MAPE values for the empirical distribution
range from 9 % to 22 % and can be considered to have a low level of accuracy. In all cases, the
mixture distribution approach had p-values for the MWU test that were above the significance
level (0.05), implying that the H, hypothesis of identical distributions between the two
populations was not rejected.
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Table 1V: Performance metrics of empirical and mixture distributions.

Empirical distribution Mixture distribution

ICUs Type
MAPE (%) MWU MAPE (%) MWU
Pediatric IAT 16.08 0.48 8.21 0.84
ST 9.11 0.24 3.52 0.93
Reanimation IAT 22.71 0.49 8.85 0.89
ST 19.89 0.14 8.31 0.83

The results of the distribution fitting and validation demonstrate that, when data do not
conform to a pure statistical distribution, a mixture distribution approach can provide a more
realistic model than empirical distribution. Consequently, the estimated parameters of the
mixture distribution model for IAT and ST in the ICUs can be utilized as input parameters in a
simulation model.

3.5 Simulation model

The objective of the simulation model presented in this paper is to determine the number of
ICU beds required to meet the demand of all patients without incurring any waiting time. The
simulation model was implemented using ARENA, as illustrated in Fig. 5.

T Recording the i,
Seize the Bed Served Patients

Assign LoS of
Compenent 1

Assign LoS of
Companent 2

Dispose the
System

Figure 5: Interface from ARENA.

Determining the Number of replications

The reliability of the simulation outcomes was enhanced by conducting multiple runs of the
simulation model. The common techniques for determining the appropriate number of
replications are the fixed sample size method and the sequential method. In this study, the
sequential method was utilized to establish the number of replications, and it was determined
that 50 replications were adequate.

Determining the Warm-up period

In the simulation setup, a warm-up period of 876 hours, which is 10 % of the total simulation
duration of 8760 hours (equivalent to 1 year), is set prior to the collection of results. This
approach aligns with the commonly accepted practice of setting the warm-up period to 10 % of
the total simulation duration [35].

4. RESULTS

The aim of this section is to examine the performance of the actual system under two distinct
scenarios and a simulation-based approach as a third scenario. The results are presented in
Table V, which demonstrates the percentage of the utilization of beds, the percentage of
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rejection, and the minimum average waiting times in the two ICUs under different scenarios.
Scenario 1 involves the queuing of patients in the presence of bed occupancy and service
provision as soon as a bed becomes available; meanwhile, in Scenario 2, patients are transferred
to alternate healthcare facilities in the instance of bed unavailability. The present quantity of
beds in the pediatric and reanimation intensive care units is 13 and 8.

Table V: Simulation results in different scenarios.

Scenario 1 Scenario 2 Scenario 3
Pediatric | Reanimation | Pediatric | Reanimation | Pediatric | Reanimation
% of rejection 0 0 33 23.75 0 0
Utilization of

beds (%) 99 91 88 74 57 41
Minimum

average waiting | 410.22 14.56 0 0 0 0
time (hour)

Table V shows that patients are subjected to prolonged waiting times, particularly in the
pediatric ICU, under Scenario 1. In this scenario, the pediatric and reanimation ICUs are
operating at bed utilization rates of 99 % and 90 %, respectively. In contrast, in Scenario 2, the
bed utilization rates decrease to 88% and 74 % in the pediatric and reanimation ICUs,
respectively. As a result, in Scenario 2, 33% and 23.75% of patients were redirected to
alternative healthcare facilities in the pediatric and reanimation ICUs, respectively.

Scenario 3 is a simulation-based approach that aims to ascertain the number of beds that
can adequately serve all patients without incurring any wait time. In the event that the pediatric
ICU comprises 30 beds and the reanimation ICU has 19 beds, it would be feasible to provide
immediate service to all patients without any wait times. In this scenario, the utilization rate of
the beds manifests as 57 % and 41 % for pediatric and reanimation ICUs, correspondingly.
Notwithstanding the low utilization rate of the beds, it is crucial to bear in mind that ICUs cater
to patients in critical circumstances, necessitating prompt medical intervention, and must
therefore always have a readily available bed.

5. CONCLUSION

This paper presents a simulation-based model that utilizes mixture distribution as input
parameters to manage the bed capacity required to serve all patients in two ICUs of the Adana
teaching hospital without delays. Specifically, we offer an approach for the optimisation of the
number of beds in ICUs, in order to provide immediate assistance to patients. In practice, it is
highly important to have a thorough understanding of the appropriate bed capacity required for
ICUs that do not permit waiting. This simulation-based approach enables decision makers to
assess the benefit of providing extra beds to minimize the patient rejection rate. However,
significant challenges arose due to the highly skewed nature of the IAT and ST data. To address
this issue, mixture distributions were employed to establish IAT and ST parameters, which were
integrated as inputs into the simulation-based model.

The main contribution of this study is its use of mixture distributions to generate input
parameters for a simulation model that is then used for capacity planning. This study represents
one of the first investigations to utilize a blend of a mixture distribution and a simulation-based
approach to determine the bed capacity for ICUs. The advantage of implementing a mixture
distribution lies in its consideration of bed resource utilization by both short- and long-stay
patients. The significance of longer stays can be attributed to their impact on the availability of
beds, as such patients tend to occupy them for extended periods.
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The methodology is intended to prove the advantage of the mixture distribution approach
in simulation-based models. Nonetheless, in real-world settings, the hospital environment is
subject to daily and even minute-by-minute changes. For instance, in this study, the developed
simulation model did not take into consideration emergency patients or staffing levels, which
could alter the system's dynamics. Thus, future studies could design a system that considers not
only the number of beds but also the number of medical staff and equipment, and/or the
prioritisation of patients, which could be re-optimized using this approximation.

REFERENCES

[1] Zhu, Z.; Hen, B. H.; Teow, K. L. (2012). Estimating ICU bed capacity using discrete event
simulation, International Journal of Health Care Quality Assurance, Vol. 25, No. 2, 134-144,
doi:10.1108/09526861211198290

[2] Smith, G.; Nielsen, M. (1999). ABC of intensive care, The BMJ, Vol. 318, Paper 1544, 1544-1547,
d0i:10.1136/bmj.318.7197.1544

[3] Ojstersek, R.; Buchmeister, B. (2021). Simulation based resource capacity planning with
constraints, International Journal of Simulation Modelling, Vol. 20, No. 4, 672-683,
doi:10.2507/1JSIMM?20-4-578

[4] Kokangul, A.; Akcan, S.; Narli, M. (2017). Optimizing nurse capacity in a teaching hospital
neonatal intensive care unit, Health Care Management Science, Vol. 20, 276-285,
doi:10.1007/s10729-015-9352-0

[5] Marazzi, A.; Paccaud, F.; Ruffieux, C.; Beguin, C. (1998). Fitting the distributions of length of
stay by parametric models, Medical Care, Vol. 36, No. 6, 915-927, doi:10.1097/00005650-
199806000-00014

[6] Lee, A.H.;Ng, A.S.K,; Yau, K. K. W. (2001). Determinants of maternity length of stay: a Gamma
mixture risk-adjusted model, Health Care Management Science, Vol. 4, 249-255,
doi:10.1023/a:1011810326113

[7] Atienza, N.; Garcia-Heras, J.; Mufioz-Pichardo, J. M.; Villa, R. (2008). An application of mixture
distributions in modelization of length of hospital stay, Statistics in Medicine, VVol. 27, No. 9, 1403-
1420, doi:10.1002/sim.3029

[8] Papi, M.; Pontecorvi, L.; Setola, R. (2016). A new model for the length of stay of hospital patients,
Health Care Management Science, Vol. 19, No. 1, 58-65, d0i:10.1007/s10729-014-9288-9

[91 McClean, S.; Millard, P. (1993). Patterns of length of stay after admission in geriatric medicine:
an event history approach, Journal of the Royal Statistical Society: Series D (The Statistician), Vol.
42, No. 3, 263-274, doi:10.2307/2348804

[10] Azcarate, C.; Esparza, L.; Mallor, F. (2020). The problem of the last bed: contextualization and a
new simulation framework for analyzing physician decisions, Omega, Vol. 96, Paper 102120, 20
pages, doi:10.1016/j.o0mega.2019.102120

[11] Buschiazzo, M.; Mula, J.; Campuzano-Bolarin, F. (2020). Simulation optimization for the
inventory management of healthcare supplies, International Journal of Simulation Modelling, VVol.
19, No. 2, 255-266, doi:10.2507/1JSIMM19-2-514

[12] Archibald, T.; Crook, J.; Wilson, J. (2011). JORS Referees 2010, Journal of the Operational
Research Society, Vol. 62, No. 8, 1598-1600, doi:10.1057/jors.2011.20

[13] Mielczarek, B.; Uziatko-Mydlikowska, J. (2012). Application of computer simulation modeling in
the health care sector: a survey, Simulation, Vol. 88, No. 2, 197-216, do0i:10.1177/
0037549710387802

[14] De Angelis, V.; Felici, G.; Impelluso, P. (2003). Integrating simulation and optimization in health
care center management, European Journal of Operational Research, Vol. 150, No. 1, 101-114,
d0i:10.1016/S0377-2217(02)00791-9

[15] Antmen, F. Z.; Ogulata, S. N. (2013). The capacity planning of intensive care units via simulation:
a case study in university hospital, International Journal of Applied Mathematics and Statistics,
Vol. 51, No. 21, 214-235

[16] Corsini, R. R.; Costa, A.; Fichera, S.; Pluchino, A.; Parrinello, V. (2022). System design of
outpatient chemotherapy oncology departments through simulation and design of experiments,

231


https://doi.org/10.1108/09526861211198290
https://doi.org/10.1136/bmj.318.7197.1544
https://doi.org/10.2507/IJSIMM20-4-578
https://doi.org/10.1007/s10729-015-9352-0
https://doi.org/10.1097/00005650-199806000-00014
https://doi.org/10.1097/00005650-199806000-00014
https://doi.org/10.1023/a:1011810326113
https://doi.org/10.1002/sim.3029
https://doi.org/10.1007/s10729-014-9288-9
https://doi.org/10.2307/2348804
https://doi.org/10.1016/j.omega.2019.102120
https://doi.org/10.2507/IJSIMM19-2-514
https://doi.org/10.1057/jors.2011.20
https://doi.org/10.1177/0037549710387802
https://doi.org/10.1177/0037549710387802
https://doi.org/10.1016/S0377-2217(02)00791-9

Guleryuz, Koyuncu: Simulation of Intensive Care Bed Capacity Based on Mixture Distribution

International Journal of Management Science and Engineering Management, 14 pages,
doi:10.1080/17509653.2022.2134223

[17] Ahmed, M. A.; Alkhamis, T. M. (2009). Simulation optimization for an emergency department
healthcare unit in Kuwait, European Journal of Operational Research, Vol. 198, No. 3, 936-942,
doi:10.1016/j.ejor.2008.10.025

[18] Baril, C.; Gascon, V.; Cartier, S. (2014). Design and analysis of an outpatient orthopaedic clinic
performance with discrete event simulation and design of experiments, Computers & Industrial
Engineering, Vol. 78, 285-298, doi:10.1016/j.cie.2014.05.006

[19] Wu, J.; Lin, Y.; Li, P.; Hu, Y.; Zhang, L.; Kong, G. (2021). Predicting prolonged length of ICU
stay through machine learning, Diagnostics, Vol. 11, No. 12, Paper 2242, 18 pages,
doi:10.3390/diagnostics11122242

[20] Nas, S.; Koyuncu, M. (2019). Emergency department capacity planning: a recurrent neural network
and simulation approach, Computational and Mathematical Methods in Medicine, Vol. 2019,
Paper 4359719, 13 pages, doi:10.1155/2019/4359719

[21] Tavakoli, M.; Tavakkoli-Moghaddam, R.; Mesbahi, R.; Ghanavati-Nejad, M.; Tajally, A. (2022).
Simulation of the COVID-19 patient flow and investigation of the future patient arrival using a
time-series prediction model: a real-case study, Medical & Biological Engineering & Computing,
Vol. 60, 969-990, doi:10.1007/s11517-022-02525-z

[22] Friithwirth-Schnatter, S. (2011). Markov chain Monte Carlo estimation of classical and dynamic
switching and mixture models, Journal of the American Statistical Association, VVol. 96, No. 453,
194-204, doi:10.1198/016214501750333063

[23] Wang, K.; Yau, K.; Lee, A. (2002). A hierarchical Poisson mixture regression model to analyse
maternity length of hospital stay, Statistics in Medicine, Vol. 21, No. 23, 3639-3654,
d0i:10.1002/sim.1307

[24] Garg, L.; McClean, S.; Meenan, B.; El-Darzi, E.; Millard, P. (2009). Clustering patient length of
stay using mixtures of Gaussian models and phase type distributions, 22" IEEE International
Symposium on Computer-Based Medical Systems, 7 pages, doi:10.1109/CBMS.2009.5255245

[25] Zhang, X.; Barnes, S.; Golden, B.; Myers, M.; Smith, P. (2019). Lognormal-based mixture models
for robust fitting of hospital length of stay distributions, Operations Research for Health Care,
Vol. 22, Paper 100184, 13 pages, doi:10.1016/j.orhc.2019.04.002

[26] Snedecor, G. W.; Cochran, W. G. (1989). Statistical Methods, 8™ edition, lowa State University
Press, Ames

[27] Titterington, D. M.; Smith, A. F. M.; Makov, U. E. (1985). Statistical Analysis of Finite Mixture
Distributions, Wiley, New York

[28] Pearson, K. (1894). Contributions to the mathematical theory of evolution, Philosophical
Transactions of the Royal Society A: Mathematical, Physical and Engineering Sciences, Vol. 185,
No. 185, 71-110, doi:10.1098/rsta.1894.0003

[29] Akaike, H. (1974). A new look at the statistical model identification, IEEE Transactions on
Automatic Control, Vol. 19, No. 6, 716-723, doi:10.1109/TAC.1974.1100705

[30] Schwarz, G. (1978). Estimating the dimension of a model, Annals of Statistics, Vol. 6, No. 2, 461-
464

[31] Keribin, C. (2000). Consistent estimation of the order of mixture models, Sankhya: The Indian
Journal of Statistics, Series A, Vol. 62, No. 1, 49-66

[32] Dempster, A.; Laird, N. M.; Rubin, D. B. (1977). Maximum likelihood from incomplete data via
the EM algorithm, Journal of the Royal Statistical Society: Series B (Methodology), Vol. 39, No.
1,1-22,d0i:10.1111/j.2517-6161.1977.tb01600.x

[33] Lewis, C. D. (1982). Industrial and Business Forecasting Methods, Butterworth Publishing,
London

[34] Mann, H. B.; Whitney, D. R. (1947). On a test of whether one of two random variables is
stochastically larger than the other, The Annals of Mathematical Statistics, Vol. 18, No. 1, 50-60,
doi:10.1214/aoms/1177730491

[35] Banks, J.; Carson, J.; Nelson, B.; Nicol, D. (2005). Discrete-Event System Simulation, 4" edition,
Prentice Hall, Hoboken

232


https://doi.org/10.1080/17509653.2022.2134223
https://doi.org/10.1016/j.ejor.2008.10.025
https://doi.org/10.1016/j.cie.2014.05.006
https://doi.org/10.3390/diagnostics11122242
https://doi.org/10.1155/2019/4359719
https://doi.org/10.1007/s11517-022-02525-z
https://doi.org/10.1198/016214501750333063
https://doi.org/10.1002/sim.1307
https://doi.org/10.1109/CBMS.2009.5255245
https://doi.org/10.1016/j.orhc.2019.04.002
https://doi.org/10.1098/rsta.1894.0003
https://doi.org/10.1109/TAC.1974.1100705
https://doi.org/10.1111/j.2517-6161.1977.tb01600.x
https://doi.org/10.1214/aoms/1177730491

