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Abstract

Background: To remain relevant in the customer-oriented market, hospitals must pay attention to the quality of services
and meet customers' expectations from admission to discharge stage. For an outpatient customer, pharmacy is the last unit
visited before discharge. It is likely to influence patient satisfaction and reflect the quality of hospital's service. However,
at certain hospitals, the waiting time is long. Resources need to be deployed strategically to reduce queue time.

Objective: This research aims to arrange the number of staff (pharmacists and workers) in each station in the pharmacy
outpatient service to minimise the queue time.

Methods: A discrete simulation method is used to observe the waiting time spent at the pharmacy. The simulation run is
valid and effective to test the scenario.

Results: It is recommended to add more personnel for the non-compounding medicine and packaging to reduce the waiting
time by 22.41%

Conclusion: By adding personnel to non-compounding and packaging stations, the system performance could be improved.
Cost-effectiveness analysis should be done to corroborate the finding.
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I. INTRODUCTION

A healthcare facility must be people-centred, effective, efficient, safe and seeks to deliver the best care for its
patients [1]. To remain relevant, hospitals must pay attention to the quality of services and meet their customers'
expectations. Researchers have examined how improvement of services are influenced by: organisational factors
[2], layout design [3], performance [4], clean room [5], hospital bed planning [6], hospital space planning [7],
patient flow [8] and the number of staff [9]. Hospital service quality will drive satisfaction [10] and this depend
on all stakeholders, including receptionists, doctors, nurses and pharmacists.

The pharmacy, which is usually the last unit visited by patients, may influence customer satisfaction and the
hospital reputation in general [11], [12]. This department is responsible for acquiring and dispensing medicines
to patients. They need to plan the sequence of processes [12], overcome and prevent an error in the preparation of
medicine [13], keep and improve quality control in pharmacy [14], deploy a doctor to supervise the pharmacy
department [15], conduct a quality assessment of the outpatient pharmacy services call centre [16], [17], and
improve medication safety in general [18].
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Research on pharmacy services in hospitals has been carried out previously; for example, the three-archetype
heuristic expectations and patients' preference to the pharmacy unit: partners, clients and customers [19];
progressive structuring to improve services efficiency [20]; relationship between pharmacy unit’s elements [21];
call centre services improvement [22]; staffing and work scheduling [23]; service quality measurement in a large
public regional hospital using lean manufacturing [24]; reducing long waiting time and improving work efficiency
[25]. Reducing waiting time is essential to maintain the hospital reputation. Therefore, studies focus on reducing
outpatient pharmacy unit's waiting time; for example, by using six-sigma for time assessment and flow assessment
[26]-[29].

To understand system behaviour and evaluate the system's performance, simulation is needed in order to form
a natural system model for experimentation [30]. The system components are arrival and departure patterns,
system capacity, and system resource [31]—-[33]. The pharmacy unit consist of two elements—system (customers),
resource (pharmacists and officers)—and interaction between these elements. Manual calculations to improve the
services will be labour intensive and inefficient. Quantitative study is needed and the calculated number should
be proven in a simulation. This is because decision-making in the pharmacy unit will affect the entire hospital
system.

To extend the previous research, this study attempt to analyse queue time minimisation by arranging the number
of staffs in an outpatient pharmacy service in a hospital using discrete event simulation (DES). DES is commonly
used to analyse queuing in a system [9], [23], [34], [35]. In this study, DES is used to analyse the impact of staffing
on patients' waiting time in the pharmacy unit. The objective of this study is to use DES to help the hospital
minimise queue time through effective staffing arrangement.

We first conducted preliminary observation to 32 patients (customers) queueing in a hospital in Surabaya. We
asked two questions: 1) how long they have been queueing; 2) whether or not they are satisfied with hospital
services in general. The result stated that on average, they queue for about 60 minutes and 28/32 (87.5%)
customers stated that they were not satisfied with the hospital's service due to long processing time. The current
research aims to: (a) Calculate the queue time for the customer/patient, (b) Create scenario for system efficiency
improvement by arranging the staffing (pharmacists and worker) in each station, and (c) Comparing the
improvement scenario and the existing conditions.

II. METHODS

The simulation was discrete because the pattern of the queuing system in this hospital is discrete. The model of
the operation is a discrete sequence of events in time. Each event occurs at specific time and this marks a change
of state in the system. Between consecutive events, no change is assumed to occur; thus, the simulation can directly
jump from one event to the next [34]. Simulations are carried out to imitate the system and make changes, such
as adding or reducing the number of officers or pharmacists. Simulation is needed because if the changes are
carried out directly, it will be costly and time-consuming. As such, adjustments in actual conditions are not feasible

[30].
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Fig. 1 Service System in Medicine Prescription

A.  Source of the Data

The current research uses real-life data collected from a pharmacy unit through patient observations from
Monday to Thursday from 08.00 to 14.00 (GMT +7); and on Fridays from 8.00 to11:30. This time was of interest
because the queue tended to be the longest. The observations were done in twenty days, recording the time
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between customers' arrival, duration time of prescription reception, duration of customers numbering reception,
duration of non-compounding medicine process, duration of compounding medicine process, duration of medicine
packing, duration of medicine inspection, and duration of medicine reception and consultation. The observations
recorded a total of 2,657 patients visited the outpatients' services.

Fig. 1 illustrates the service system at the outpatient pharmacy unit, where the incoming prescriptions have to
wait at the prescription reception station. Then an officer will separate the non-compounding medicine
prescriptions from the compounding ones. The prescription will be given respective medicine station. After the
completion, the medicine will be given to the patient.

B.  Existing System

In general, the pharmacy unit system is divided into five main parts: customer reception station, medicine
production station, medicine packaging station, medicine inspection station, and medicine reception and
consultation station. Fig. 2 shows the prescription flow until it is ready to be given to the patient. The data were
taken by direct observations in each station.
1. Customer Reception

This station is represented by a team of station officers consisting of three workers. Each station officer can

only serve one order/customer at a time. The unit of work is carried out alternately (cyclical).
2. Medicine Production

Two teams of pharmacists handled this station, the compounding medicine team and the non-compounding
medicine team. The compounding medicine team consists of three pharmacists, while non-compounding medicine
team consists of two pharmacists. The capabilities and rules for sharing the workload in this station are the same
as the customer reception.
3. Medicine Packaging

This station is handled by a medicine packaging team consisting of three workers. The capabilities and rules
for sharing the workload in this section are the same as the customer reception.
4. Medicine Inspection

This station is handled by a medicine inspection team consisting of two pharmacists. The capabilities and rules
for sharing the workload in this section are the same as the customer reception.
5. Medicine Reception and Consultation

The customer will conduct a brief consultation regarding the medicine intake with the officer after they receive
the medicine. After that, the customer will leave the system.

Figure Explanation:
=—> Flow of Prescription Arrival

1 | 5 |
—
- 1 =3 Flow of Prescription Leave
1. Prescription Reception Station and
Queue Numbering
2. Pharmacist Station
3. 3a. Compounding Medicine Station
3b. Non-Compounding Medicine
v i

Station
4. Packaging and Inspection Station
5. Reception and consultation Station

Fig. 2 Floor Plan of the Outpatient Pharmacy Unit
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C. Conceptual Model

The model is used to illustrate the activities in the system. It is described using a flowchart and an activity
cycle diagram. They describe the service process from customer's arrival until leaving the pharmacy unit. Fig. 3
and Fig. 4 show the flowchart and activity cycle diagram of the existing system.
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Fig. 3. Conceptual Model in the System
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Entity activity means the flow from when a customer enters the system to when customer leaves the system.
This flow will affect the activities carried out by the resources in every station, who are:

i
ii.
iii.
iv.
v.

Customer Reception: three workers

Medicine Production: two medicine-making (pharmacists) teams (three making compounding medicine, and
two making non-compounding medicine)

Medicine Packaging: three workers

Medicine Inspection: two pharmacists

Medicine Reception and Consultation: two workers

The queue was form since the first station and would accumulate because the number of customers who came
was higher than the resources’ capacity. The simulation of the system follows the following steps:

1.
il.
iii.
iv.

Collecting data by recording customer arrival in each station

Finding out the statistical distribution of each data using the ARENA 14 analyser to provide the main value-
added of the simulation by understanding the system behaviour

Inputting the statistical distribution to the conceptual model

Verifying and validating data to ensure that the simulation result matches the existing system.

The simulation we conducted is a terminating simulation, which runs for a certain duration of time.
Therefore, we needed to do a replication that described the data spread. Replication using half-width is made
to ensure that the result of the statistical distribution is robust [30], [36]. The following are the steps of the
half-width method:

a. Calculating the degree of freedom (df)

— [nl E] (1)

2 2

ni nz
+
ni-1 np-1

b. Calculating the half-width (Aw)

512 | 552
df;% nq + ny (2)

hw =t

c. Calculating the minimum number of the simulation replications

ZaX sz 2
— 2
n= [ — ] 3)

where:
5,2 : Variance of the number of customers in the existing system
5,2 : Variance of the number of customers in simulation output
S, : Standard deviation of the number of customers in the simulation output
ny : Number of collected data of existing system
n, : Number of collected data of simulation
t : Value in table student t-test
Z : Value in table normal Z

Then, we found out that our simulation result is the same as the existing system by using the Welch
confidence interval method. This method is used when the variance of the two populations (existing system
data and simulation result) are unequal or un-pooled variance, as shown in Table 2 [37], [38]. Because of
this condition, this test is more reliable than t-test to test whether two populations have different mean [39]-
[41]. The following are the steps and calculations of the Welch confidence interval method for validating
the simulation model:

a. Stated hypotheses that there is no difference between existing system and simulation output:

Ho CHI- e = 0 (4)
H, TH1- 220 (5)
b. Calculating Welch confidence interval calculation for the level of significant a:
PIGG %) —hw<Sp —p, < (G —%) +hw]=1-a (6)
(@ -%) —hw <y~ < (@ — %) + hw (7)
where
X1 : Mean of the number of customers in the existing system
X, : Mean of the number of customers in the simulation output
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v. Apply improvement scenario to the model (adding and reducing resource of the pharmacists), and found out
the response variable of this system (the average time queue in each station)
vi. Select the best scenario, comparing with the existing condition and analyse it.

III. RESULTS

The result of the simulation is divided into two parts: existing condition simulation and improvement scenario
simulation. These two are done to illustrate that the proposed scenario can improve existing conditions.

A.  Existing Condition Simulation

The simulation of the existing model is carried out using the Discrete Event Simulation (DES) model. The
simulation model is built from the conceptual model logic and observational data that has been obtained.
Observation data in the form of processing time need to be processed. It is obtaining the distribution of data and
its parameters that can mimic the actual performance of each process in the system. The processing of the
observational data was carried out using the input analyser on the ARENA 14. In the data distribution fitting
process, the type of data distribution chosen is a distribution capable of producing low squared errors and is
following the distribution of data for similar processes or properties. This process will obtain the time data
distribution for each system process using the ARENA 14 analyser. The fitting data of all stations passed by
customers, mentioned in the previous section, is presented in Table 1.

TABLE 1
SUMMARY OF OUTPUT FITTING DATA DISTRIBUTION USING INPUT ANALYZER
Process Time Data Expression Squared
Distribution Error
Time Between Customers Arrival Exponential 9 + EXPO (134) 0.030568
Duration Time of Prescription Reception Exponential 14.5 + EXPO (23.2) 0.035441
Duration of Customers Numbering Reception Triangular TRIA (2.5,3.3,6.5) 0.015091
Duration of Non-Compounding Medicine Process Triangular TRIA (42, 336, 369) 0.013159
Duration of Compounding Medicine Process Triangular TRIA (706, 1.13e+003, 1.9¢+003) 0.007253
Duration of Medicine Packing Triangular TRIA (75, 139, 288) 0.021575
Duration of Medicine Inspection Triangular TRIA (7.5, 76, 91.5) 0.034301
Duration of Medicine Reception and Consultation Triangular TRIA (16.5, 30, 64.5) 0.024453

Verification is done to test the suitability of the simulation model with the conceptual model that has been
created. Practically, verification is done to make sure that the model is running correctly and according to the
logic of the model arrangement. In this study, verification was carried out by checking for errors in the simulation
model (error) using the check model feature in the ARENA 14.

Validation is done to test whether the conceptual model built is following the actual observation system
conditions. It is measured from the accuracy of a verified simulation model in producing output that matches the
observational data (black box validation). The model is valid if the comparison results show that the simulation
model output and the observed data are not significantly different from a statistical point of view. The output data
used in the model validation must have a relatively small error rate (less than the 0.05 significance level).

The minimum number of replications of the simulation model was calculated through the following steps. The

first step is calculating the input data's degree of freedom (df) as follows.
[630.6605 16-6.01]2

20 20 —
f= [630.6605]2 166.01]2 = 2835 ®)
% 2200—1

Furthermore, the half-width (Aw) is calculated, which describes the data distribution as follows.

630.6605 | 166.01
hw = t28.35.% 20 20 ©)

hw = (2.0484)(6.3114) = 12.928 (10)

After finding the half-width value, the minimum number of simulation replications can be calculated as follows.

2
n= [1.64— 55 166.01] =2689 ~ 3 (11)
12.928

From the above calculations, it can be concluded that the minimum replication in the model simulation is three
times. After knowing the minimum number of replication simulations, the next step is model validation. Table 2
shows the number of customers both in existing system (in 20 days of observation) in the hospital and the
simulation model output by three-time replication. The number of customers in the existing system and simulation
output is slightly different. The statistic distribution from Table 1 was inputted to the model, while the existing
system was from observation. Then, we tested the significance of this difference with a 95% confidence interval.
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The method used in this test is the Welch confidence interval method. The model is said to be valid when the
confidence interval has a value of 0, meaning that there is no difference between the existing system and
simulation result [30], [36], [37].

TABLE 2

COMPARISON BETWEEN REAL SYSTEM AND SIMULATION QOUTPUT OF THE NUMBER OF CUSTOMERS

Number of Real System

Number of Customers in

No Data Customers Simulation Model Output
1 117 120
2 127 129
3 143 117
4 148 125
5 191 142
6 167 124
7 132 107
8 98 130
9 146 139
10 171 141
11 129 112
12 112 132
13 116 150
14 133 126
15 104 121
16 105 116
17 158 131
18 102 107
19 126 128
20 132 150
Mean (x) 132.85 128.7
Variance (s%) 630.6605 166.0105263
Standard Deviation (s) 25.11296 12.88450722

Using the input data in Table 2, the Welch confidence interval value using a significance level of 0.05 is as

follows.

(132.85 — 128.7) — 12.928 < i, — p, < (132.85 — 128.7) + 12.928 (12)

—8.78 < u; — u, < 17.078 (13)

Because the value of 0 is in the Welch confidence interval of 95%, Ho cannot be rejected. The conclusion is
that the average number of customers from the simulation model output and the observational data is insignificant.
Therefore, the simulation model can be said to be valid.

TABLE3

RESPONSE VARIABLES RESULT IN EVERY EXPERIMENT SCENARIO

Average Customer

No Scenario Waiting time in each Improvement
station (minutes)

1 Existing Condition 15.8 -

2 Non-Compounding Medicine (+1) 12.36 18.04 %
3 Non-Compounding Medicine (+2) 12.06 20.03 %
4 Non-Compounding Medicine (-1) 80.6 -430.9 %
5 Packaging (+1) 13.2 13.66 %
6 Packaging (+2) 13.2 13.66 %
7 Packaging (-1) 13.92 7.69 %
8 Packaging (-2) 34.74 -130.37 %
9 Compounding Medicine (+1) 14.46 4.11 %
10 Compounding Medicine (+2) 14.46 4.11 %
11 Compounding Medicine (-1) 14.16 6.10 %
12 Compounding Medicine (-2) 24.18 -60.34 %
13 Medicine Inspection (+1) 13.68 9.28%
14 Medicine Inspection (+2) 13.68 9.28%
15 Medicine Inspection (-1) 15.24 -1.06 %
16 *Non-Compounding Medicine (+1) Packaging (+1) 11.7 2241 %
17 Non-Compounding (+1) Compounding Medicine (+1) 12.06 20.03 %
18 Non-Compounding (+1) Compounding Medicine (+1) 14.46 4.11 %
19 Non-Compounding (-1) Packaging (-1) 86.7 -474.93 %
20 Non-Compounding (-1) Compounding Medicine (-1) 82.86 -449.47 %
21 Packaging (-1) Compounding Medicine (-1) 16.02 -6.23 %

* the best system improvements of all scenarios
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B.  Improvement Scenario Simulation

This study attempts to find the best scenario for the outpatient pharmacy unit in a hospital in Surabaya. The
improvement scenario that will be carried out is to optimise the available number of pharmacists within the system,
whether the number of available pharmacists in each section is reduced or increased or whether they need to be
assigned to other stations. We conducted 20 improvement scenarios, while the first scenario in Table 3 is the
existing condition. For example, Scenario 2 is written as ‘Non-Compounding Medicine (+1)’, meaning that for
station Non-Compounding Medicine, there is one additional pharmacist.

Table 3 shows the average waiting time of customers in each station. The results show that some scenarios
improve the existing condition, while others deteriorates the existing system. In Scenario 19: Non-Compounding
(-1) Packaging (-1) scenario, the additional pharmacist and staff member in the compounding medicine team and
in the packaging station increases the average waiting time. In this case, the system performance becomes worse.
This performance is mainly influenced by the high variability of the time distribution for the medicine production
process. However, in general, adding a pharmacist in the compounding medicine team did not improve the value
of the response variable. The combination that produces better response variable value is shown by Scenario 16
(non-compounding medicine (+1) packaging (+1); Scenario 17 (non-compounding medicine (+1) compounding
medicine (+1); and Scenario 3 (the non-compounding medicine (+2)).

The non-compounding medicine (+1) packaging (+1) scenario obtained the most significant improvement
response variable, 22.41%. The non-compounding medicine (+1) and compounding medicine (+1) scenario uses
an additional pharmacist in the non-compounding medicine making section and an additional pharmacist in the
compounding medicine making section. The non-compounding medicine (+1) compounding medicine (+1)
scenario resulted in an improvement of 20.03%, which is the queue time can be minimised. In the non-
compounding medicine (+2) scenario, two additional pharmacists were assigned to make non-compounding
medicine. They improved 20.03%, equivalent to the non-compounding (+1) compounding medicine (+1) scenario.

The scenario of reducing the number of pharmacists and officers which had the worst effect on system
performance is the non-compounding medicine (-1) packaging (-1) scenario; then non-compounding medicine (-
1) compounding medicine (-1) scenario; and non-compounding medicine (-1) scenario in the following position.
In a non-compounding medicine (-1) packaging (-1) scenario, a non-compounding medicine pharmacist, and a
medicine packing officer do not serve the system. Therefore, the system performance worsens 474.93% from the
initial condition. In the non-compounding medicine (-1) compounding medicine (-1) scenario, when a non-
compounding medicine pharmacist and a compounding medicine pharmacist who does not serve the system, the
system's performance worsens by 449.47% from the existing condition.

IV. DISCUSSION

The results of data processing and analysis using the ARENA 14 Simulation have been described in the previous
section. It was found that the average time required for officers to prepare the medicine was 15.8 minutes in the
existing conditions. After several experimental scenarios using the analyser process were carried out, three best
scenarios were produced are as follows: Scenario 16, which is non-compounding medicine (+1), and packaging
(+1) scenario, by adding 1 (one) officer in packaging position from three to four and one non-compounding
medicine preparation pharmacist position from two to three, the average time for customers to queue in the station
is 11.7 minutes (22.41 %). Then scenario 17 of non-compounding medicine (+1) and compounding medicine (+1),
by adding 2 (two) pharmacists: one in the non-compounding medicine preparation position (change from two to
three pharmacists) and one in the position of making the compounding medicine (from three to four), the average
time for customers to queue is 12.06 minutes (20.03 %). Scenario 3, which added two pharmacists in a Non-
compounding medicine station, added two medicine pharmacists in a non-compounding medicine preparation
position from two to four. The average time for customers to queue in the station is 12.06 minutes (20.03 %).

The three best scenario shows better performance when compared to existing conditions. However, the
observations were only carried out in 20 days which did not necessarily represent the busyness of the pharmacy
unit at the hospital throughout the year. Staff scheduling during peak or off-peak hours can also be considered.
Also, the data observation is only on the pharmacy unit. Another consideration is that the three scenarios stated
that there must be additional personnel at a particular station. This result, of course, will affect the salary costs
that the hospital must incur. The simulation results in this study are only discussed in terms of time to optimise
queuing time. The discussion about cost-effectiveness analysis should be done to describe a better understanding
of the staffing. A further cost-effectiveness analysis is needed, whether this person should be added or whether
officers from stations with fewer customers should be relocated to more crowded stations.

This study shows that there is a better scenario result; there is also a worse result than the existing condition,
which is why simulation is needed. Because to look for improvement, we have to try until we find the best
scenario, which dramatically affects the hospital's overall decision-making.

Studies have discussed improvement in system efficiency in the pharmacy unit without delay and availability
of all required resources [11], [35], [42], [43]. This research discusses the same topic about waiting time in the
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outpatient pharmacy unit as discussed in the previous research [11], [42], [43]. This research found that changes
in elements or activities in the simulation system will reduce waiting time. It is found that imbalance of
prescriptions assigned to different windows caused by the queuing pattern will affect the waiting time of customers
[42]. This finding is in line with the previous research. There is a different time in the production of compounding
and non-compounding medicine. Adding one more pharmacist in non-compounding stations makes the system
run more efficiently than before. Another research studies additional automated waiting systems with automated
prescriptions, patient categorisation, reducing the unclaimed prescriptions and modifying the pharmacy’s layout
better perform the outpatient pharmacy system [11]. This research uses statistical distribution from data collection
as input in the model. In contrast, others use the same interval of arrival in each station [43].

Additional discussions with stakeholders from this hospital are considering adding facilities such as wi-fi,
providing comfortable seating and free drinks. This consideration is intended to compensate visitors who wait for
too long. Research on the impact of providing compensation can be the future research and add integration
between cost-effectivity analysis and simulation results.

V. CONCLUSIONS

This study was conducted to gain insight into the setting of the staffing at a hospital pharmacy unit. The
simulation run in this research is valid and effective to run the improvement scenario. We calculate the queue time
of customers and create a scenario for system efficiency. We found s 22.41 % waiting time improvement compared
to the existing system by adding two more workers (one pharmacist and one packaging worker). Therefore, we
can provide some suggestions that might be used the hospital under study in terms of determining policies both
in existing condition and in the future. However, adjustment to comprehensive cost-effectiveness analysis of the
hospital financial analysis is needed.

Author Contributions: Putri Amelia: Conceptualization, Methodology, Supervision, Funding Acquisition. Artya
Lathifah: Writing - Original Draft, Writing - Review & Editing, Project administration, Methodology, Validation.
Muhammad Dliyaul Haq: Software, Formal Analysis, Writing - Original Draft, Visualization. Christoph Lorenz
Reimann: Writing - Review & Editing, Formal Analysis, Validation, Resources. Yudi Setiawan: Data Curation,
Software, Validation.

Funding: This research received no specific grant from any funding agency.

Conflicts of Interest: The authors declare no conflict of interest.

REFERENCES

[1] World Health Organization, Delivering quality health services: a global imperative for universal health coverage. 2018.

[2] W. R. Doucette et al., “Organizational factors influencing pharmacy practice change,” Res. Soc. Adm. Pharm., vol. 8, no. 4, pp.
274-284,2012.

[3] A. L. McDowell and Y.-L. Huang, “Selecting a pharmacy layout design using a weighted scoring system,” Am. J. Heal. Pharm.,
vol. 69, no. 9, pp. 796-804, 2012.

[4] C. G. Rodriguez-Gonzalez et al., “Use of the EFQM excellence model to improve hospital pharmacy performance,” Res. Soc. Adm.
Pharm., vol. 16, no. 5, pp. 710-716, 2020.

[5] M. TrSan, M. Vehovce, K. Seme, and S. Sr¢i¢, “Evaluation of ATP bioluminescence for monitoring surface hygiene in a hospital
pharmacy cleanroom,” J. Microbiol. Methods, vol. 168, p. 105785, 2020.

[6] B. e Oliveira, J. de Vasconcelos, J. Almeida, and L. Pinto, “A Simulation-Optimisation approach for hospital beds allocation,” Int.
J. Med. Inform., vol. 141, p. 104174, 2020.

[71 C. Cubukcuoglu, P. Nourian, 1. S. Sariyildiz, and M. F. Tasgetiren, “A discrete event simulation procedure for validating programs
of requirements: The case of hospital space planning,” SoftwareX, vol. 12, p. 100539, 2020.

[8] A.M. Best, C. A. Dixon, W. D. Kelton, C. J. Lindsell, and M. J. Ward, “Using discrete event computer simulation to improve patient
flow in a Ghanaian acute care hospital,” Am. J. Emerg. Med., vol. 32, no. 8, pp. 917-922, 2014.

[9] L. Keshtkar, W. Rashwan, W. Abo-Hamad, and A. Arisha, “A hybrid system dynamics, discrete event simulation and data

envelopment analysis to investigate boarding patients in acute hospitals,” Oper. Res. Heal. Care, vol. 26, p. 100266, 2020.

[10] A. M. Mosadeghrad, “Healthcare service quality: towards a broad definition,” Int. J. Health Care Qual. Assur., 2013.

[11] A. Alodan, G. Alalshaikh, H. Alqasabi, S. Alomran, A. Abdelhadi, and B. Alkhayyal, “Studying the Efficiency of Waiting Time in
Outpatient Pharmacy,” MethodsX, vol. 7, p. 100913, 2020.

[12] K. F. See, N. M. Hamzah, and M.-M. Yu, “Metafrontier Efficiency Analysis for Hospital Pharmacy Services Using Dynamic
Network DEA Framework,” Socioecon. Plann. Sci., p. 101044, 2021.

[13] R. F. Al-Ahmadi, L. Al-Juffali, S. Al-Shanawani, and S. Ali, “Categorizing and understanding medication errors in hospital
pharmacy in relation to human factors,” Saudi Pharm. J., vol. 28, no. 12, pp. 1674-1685, 2020.

[14] L. G. Daina et al., “Improving performance of a pharmacy in a Romanian hospital through implementation of an internal
management control system,” Sci. Total Environ., vol. 675, pp. 51-61, 2019.
[15] E. Cicinelli et al., “An analysis of Canadian doctor of pharmacy hospital preceptor experiences in alternative preceptor models,”

Curr. Pharm. Teach. Learn., 2020.

110



[16]

[18]

Amelia, Lathifah, Haq, Reimann, & Setiawan
Journal of Information Systems Engineering and Business Intelligence, 2021, 7 (2), 102-111

M. H. Rim, K. C. Thomas, J. Chandramouli, S. A. Barrus, and N. A. Nickman, “Implementation and quality assessment of a
pharmacy services call center for outpatient pharmacies and specialty pharmacy services in an academic health system,” Bull. Am.
Soc. Hosp. Pharm., vol. 75, no. 10, pp. 633—641, 2018.

J. Bellegarde, L. Bernard, P. Chennell, and V. Sautou, “On-call duties in hospital pharmacies: National survey and elaboration of a
training program for pharmacy,” Ann. Pharm. Fr., vol. 79, no. 2, pp. 142151, 2021.

L. Schepel et al., “Strategies for improving medication safety in hospitals: evolution of clinical pharmacy services,” Res. Soc. Adm.
Pharm., vol. 15, no. 7, pp. 873-882, 2019.

A. W. Olson, R. Vaidyanathan, T. P. Stratton, B. J. Isetts, L. A. Hillman, and J. C. Schommer, “Patient-Centered Care preferences
& expectations in outpatient pharmacist practice: A three archetype heuristic,” Res. Soc. Adm. Pharm., 2021.

B. Ratsimbazafimahefa, H.R., Sadeghipour, F., Trouiller, P., Pannatier, A., Allenet, “Description and analysis of hospital pharmacies
in Madagascar,” Ann. Pharm. Frangaises, vol. 76, no. 3, pp. 218-227, 2018, doi: https://doi.org/10.1016/j.pharma.2017.12.003.
M. Mohammadi and M. Shamohammadi, “Queuing analytic theory using witness simulation in hospital pharmacy,” Inter J Eng
Tech, vol. 12, no. 6, p. 48, 2012.

T. E. Day, W. M. Li, A. Ingolfsson, and N. Ravi, “The use of queueing and simulative analyses to improve an overwhelmed
pharmacy call center,” J. Pharm. Pract., vol. 23, no. 5, pp. 492495, 2010.

C. W. Spry and M. A. Lawley, “Evaluating hospital pharmacy staffing and work scheduling using simulation,” in Proceedings of
the Winter Simulation Conference, 2005.,2005, p. 8 pp.

A. Abdelhadi and M. Shakoor, “Studying the efficiency of inpatient and outpatient pharmacies using lean manufacturing,” Leadersh.
Heal. Serv., 2014.

N. Zhang et al., “Optimization of the Workflow of Outpatient Pharmacy in Our Hospital,” China Pharm., 2011.

M. Arafeh, M. A. Barghash, E. Sallam, and A. AlSamhouri, “Six Sigma applied to reduce patients’ waiting time in a cancer
pharmacy,” Int. J. Six Sigma Compet. Advant., vol. 8, no. 2, pp. 105-124,2014.

B. Ahmad, K. Khairatul, and A. Farnaza, “An assessment of patient waiting and consultation time in a primary healthcare clinic,”
Malaysian Fam. physician Off. J. Acad. Fam. Physicians Malaysia, 2017.

S. Suss, N. Bhuiyan, K. Demirli, and G. Batist, “Toward implementing patient flow in a cancer treatment center to reduce patient
waiting time and improve efficiency,” J. Oncol. Pract., vol. 13, no. 6, pp. €530-e537, 2017.

M. Bahadori, S. M. Mohammadnejhad, R. Ravangard, and E. Teymourzadeh, “Using queuing theory and simulation model to
optimize hospital pharmacy performance,” Iran. red crescent Med. J., vol. 16, no. 3, 2014.

W. D. Kelton, Simulation with ARENA. McGraw-hill, 2002.

H. A. Taha, Operations research an introduction. © Pearson Education Limited 2017, 2017.

F. S. Hillier and G. J. Liebermann, Operations research. Oldenbourg Wissenschaftsverlag, 2014.

J. F. Shortle, J. M. Thompson, D. Gross, and C. M. Harris, Fundamentals of queueing theory. John Wiley & Sons, 2018.

P. Sharma, “Discrete-event simulation,” Int. J. Sci. Technol. Res., vol. 4, no. 4, pp. 136-140, 2015.

B. Jahn, E. Theurl, U. Siebert, and K. P. Pfeiffer, “Tutorial in medical decision modeling incorporating waiting lines and queues
using discrete event simulation,” Value Heal., vol. 13, no. 4, pp. 501-506, 2010.

M. R. Itami, D. Zell, F. Grigel, and R. Gimblett, “Generating confidence intervals for spatial simulations-determining the number
of replications for spatial terminating simulations,” in International Congress on Modelling and Simulation: Advances and
Applications for Management and Decision Making, MODSIM 2005, 2005, pp. 141-148.

W. D. Law, Averill M Kelton, “Confidence Intervals for Steady-State Simulations: I. A Survey of Fixed Sample Size Procedures,”
Oper. Res., vol. 32, no. 6, pp. 1221-1239, 1984.

M. Bhattacharyya, “To pool or not to pool: A comparison between two commonly used test statistics,” Int. J. Pure Appl. Math., vol.
89, no. 4, pp. 497-510, 2013.

B. L. Welch, “The generalization of ‘STUDENT’S’problem when several different population varlances are involved,” Biometrika,
vol. 34, no. 1-2, pp. 28-35, 1947.

G. D. Ruxton, “The unequal variance t-test is an underused alternative to Student’s t-test and the Mann—Whitney U test,” Behav.
Ecol., vol. 17, no. 4, pp. 688-690, 2006.

Statistics How To, “What is Welch’s Test for Unequal Variances?,” 2015. .

Z. Dan, H. Xiaoli, D. Weiru, W. Li, and H. Yue, “Outpatient pharmacy optimization using system simulation,” Procedia Comput.
Sci., vol. 91, pp. 27-36, 2016.

D. G. Shimshak, D. G. Damico, and H. D. Burden, “A priority queuing model of a hospital pharmacy unit,” Eur. J. Oper. Res., vol.
7, no. 4, pp. 350-354, 1981.

111





