Journal of Applied Data Sciences ISSN 2723-6471
Vol. 5, No. 4, December 2024, pp. 1715-1725 1715

Stochastic Queuing System Model Design Based on Stakeholder
Aspirations

Imam Djati Widodo®™ @, Ali Parkhan?®, Qurtubi®
123Department of Industrial Engineering, Faculty of Industrial Technology, JI. Kaliurang KM 14.5 Sleman, Yogyakarta 55584, Indonesia

(Received: July 14, 2024; Revised: August 11, 2024; Accepted: September 20, 2024; Available online: October 15, 2024)

Abstract

A good queuing system will provide satisfaction and trust for consumers and operational cost efficiency for service providers. This study aims to
obtain the optimal number of service facilities by considering the aspirations of stakeholders, namely customers and service providers. Using
aspiration theory, this research contributes to obtaining a dynamic solution to the number of service facilities with reference to service operating
costs that can be determined with certainty and waiting costs that vary based on customer profiles. The study began by designing sampling for
arrival time and service time data based on simple random sampling. The probability distributions of arrival time and service time are determined
based on the data collection results of the sampling design. Based on the queuing profile and distribution of the two data, a suitable queuing
model is built. Poisson distribution-based multi-channel queue model is constructed ((M/M/c):(GD/oo/w0)), and an optimization analysis is carried
out on the number of service facilities provided by considering the aspirations of the two stakeholders. The results showed that based on
stakeholder aspirations, optimal conditions were achieved at the number of servers ¢ = 2 if the waiting cost (C2): IDR 0/hour< C2 < IDR
11,076/hour, and the number of servers ¢ = 3 if the waiting cost (C2): IDR 11,076/hour < C2 < IDR 120,690/hour. Given that there are two
conditional alternatives, the company can decide subjectively to take preventive and adaptive actions proactively according to the customer's
appreciation of the waiting time in the company. Flexibility in opening service facilities will require the availability of workers and facilities to
be provided. Multi-skilled workers will significantly help the flexibility of the system being built. Future research certainly needs to conduct a
more in-depth study related to monthly fluctuations in arrival and service times within that period.
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1. Introduction

Queue management is considered not only to lessen customer waiting time but also to deal with strategic elements to
minimize costs and increase productivity [1] and customer satisfaction [2]. Customer intensity, queue management
strategies, and behavior influence the balance between service quality, speed, and customer satisfaction. Undoubtedly,
customer intensity significantly affects the service balance, which directly affects price, service speed, demand, queue
density, and service provider revenue [3]. Generally, service providers deliver different types of queues, such as regular
and priority queues, to fit customer segmentation and preferences and to maximize revenue through self-selection [4].
Efficient queue management is essential in reducing customer waiting time and improving the service process,
ultimately affecting customer satisfaction [4]. The utilization of proper technologies, such as online reservation
applications or innovative queuing systems, can lead to more efficient service by accommodating customers' aspirations
[5]. Research also investigated the impact of queuing disciplines, such as last-come-first-served (LCFS) and first-in-
first-out (FIFO), on system performance and customer satisfaction [6]. The selection of queuing discipline will
significantly influence the behavior and performance of the system. For instance, the join the shortest queue discipline
has been studied to discover the stability and proper asymptotics, giving insight into its impact on network dynamics
and resource allocation [7].

Queue management research has been conducted in services such as restaurant services [8], [9], hospital services [10],
[11], [12], [13], [14], libraries [15], and supermarket/retail services [5], [16], [17], [18]. Like other industrial sectors,
banks deal with the challenges of consumer behavior alteration [19], [20], and technological advances [21], [22] and
are also contested to provide queuing decisions that maintain operational efficiency and customer satisfaction. This
research aims to attain the optimal number of service facilities referring to the aspirations of stakeholders, namely
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customers and service providers. Aspiration theory will be used to bridge both stakeholders’ requirements by
comprehensively examining the dynamics affecting both parties in the queue system. The aspiration of stakeholders is
employed to determine the number of service counters by considering the operational cost and the cost of waiting for
consumers. Sensitivity analysis will be applied related to the range of waiting costs.

Efficient queue management is an essential factor in increasing customer satisfaction and boosting operational
productivity across various industries [1], [4]. The interaction between customer intensity, queuing strategies, and
customer behavior significantly influences service quality and organizational performance. By addressing these factors
through a strategic lens, the operations can be optimized by service operators and meet varied customer preferences,
effectively. This approach is particularly proven in settings, in which customer preferences and behaviors are
considered dynamic, necessitating adaptive and flexible queuing systems. The implementation of inventive
technologies later supports this effort by providing tools that eventually simplify the service process and lessen waiting
times, thus aligning with customer hopes for receiving efficient service delivery [5].

The research conducted in queuing disciplines, such as LCFS and FIFO, suggests valuable insights into how different
strategies influence system performance and customer satisfaction [6]. These disciplines affect not only the operational
efficiency of the service system but also the overall customer experience. For instance, the LCFS discipline may
prioritize recent arrivals, and impact long-term waiting times, whereas the FIFO discipline ensures a first-come, first-
served approach, potentially increasing customer satisfaction by maintaining perceived fairness. Additionally, the "join
the shortest queue" discipline has been examined for its stability and resource allocation efficiency, highlighting its
potential benefits in queuing systems [7].

Research in queuing management extends a wide-ranging spectrum of service industries, showing the universal
applicability and urgency of effective queue strategies. For instance, in the banking sector, the dual challenges of
evolving consumer behavior and rapid technological advancements necessitate innovative approaches to queue
management. Banks must be able to navigate these changes while maintaining high levels of customer satisfaction and
operational efficiency. Therefore, this study aims to address these challenges by developing a stochastic queuing system
model incorporating stakeholder aspirations into the decision-making process. By considering the needs and
preferences of both customers and service providers, the model tries to optimize the number of service facilities and
improve overall delivery service.

The incorporation of aspiration theory into queuing system design provides a unique perspective on balancing
operational costs and customer waiting costs. This approach allows for a comprehensive analysis of the factors
influencing both service providers and consumers, ensuring that the queuing system aligns with their respective goals
and aspirations. This model is also further developed using sensitivity analysis by examining how variations in waiting
costs impact the system's performance and providing a robust framework for decision-making. Through this detailed
analysis, the study aims to offer practical solutions for optimizing queuing systems in various service contexts,
ultimately contributing to developed customer satisfaction and operational efficiency.

By focusing on the aspirations of stakeholders, this study bridges the gap between theoretical research and practical
application in queuing system design. The insights from this research deliver information on future strategies and
technologies in queue management, supporting the development of more efficient, customer-centric service systems.
As industries continue to evolve, the importance of effective queuing strategies will remain an essential factor in
meeting operational success and customer expectations.

2. Literature Review

2.1. Customer Behavior in Queue System

Customer behaviour management strategies are also essential for service providers to improve operational efficiency
and customer satisfaction [23]. In situations where customers have no information about service parameters, their
decision to join or reject a queue will be influenced by the trust gained from their experience [24]. Customers will often
associate queuing problems caused by an organization's inability to handle queue management with the overall service
experience [1]. Customers usually use queue length information to assess service quality and underline the importance
of queue signals in primary care, especially when the quality of the service provider is unknown [25]. Service delays
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can substantially affect customers' overall service evaluation [26]. Thus, customer decisions and system performance
can be affected by delayed notifications in queue dynamics [27].

2.2. Aspiration Theory

Aspiration theory in queuing can be understood as the pursuit of developing a comprehensive framework for
performance analysis within queuing systems. While queuing theory traditionally focuses on mathematical
formulations and the study of waiting lines to address random demands [28], aspiration theory aims to enhance this by
delving deeper into the intricacies of performance evaluation. This aspiration involves creating models that consider
various factors influencing queuing systems beyond mere mathematical abstractions, such as human decision-making
processes [29]. By incorporating these elements, aspiration theory seeks to provide a more holistic understanding of
gueuing dynamics and improve the accuracy of performance predictions. Moreover, aspiration theory in queuing also
emphasizes the need to address the limitations of existing queuing models. Aspiration theory in the context of customer
and service provider interactions in queues has evolved to encompass a more comprehensive examination of the
dynamics that influence both parties within the queuing system. To effectively address the needs of both customers
and service providers in a queuing system, various strategies and models can be implemented based on recent research
findings. One approach involves customer segmentation and fairness, where service providers offer regular and priority
gueues with additional fees, allowing customers to self-select into queues based on their preferences [30] Liu et al.
This strategy not only maximizes revenue for service providers but also provides customers with options that align
with their service expectations.

Moreover, the analysis of queueing models with priority scheduling by supplementary variable methods can help in
handling customers with different service requirements in the system [31]. By considering the diverse needs of
customers and providing tailored services, service providers can better accommodate the aspirations of customers
seeking specific service levels. Incorporating differentiated pricing decisions based on word-of-mouth rating
information can also be beneficial in addressing information heterogeneity in queueing service systems [32]. By
allowing customers to make informed decisions based on service value assessments, service providers can enhance
customer satisfaction and optimize service offerings to meet individual aspirations. Additionally, optimizing service
prices for high-priority and low-priority customers through algorithms like Particle Swarm Optimization can help
maximize service provider revenue while catering to the needs and preferences of different customer segments [33].
This approach ensures that service providers can adapt their pricing strategies dynamically to accommodate varying
customer demands and aspirations.

3. Methodology

3.1. Research Object

The research focuses on a bank, which operates in the service sector and requires facilities such as tellers and supporting
infrastructure to effectively serve its customers and meet the needs of all stakeholders. The bank is selected as the
research object because it represents a dynamic environment where queuing management is critical for maintaining
operational efficiency and customer satisfaction. The queuing facilities and processes within the bank provide a rich
context for studying how service delivery can be optimized to balance stakeholder aspirations, including the efficiency
of service and cost management.

3.2. Research Flow

The research involves four main stages, hamely preparation, data collection, data processing, and data analysis and
discussion. Preparation involves research planning, including observing the existing queuing facilities and the
discipline that is used in managing queues. Data are collected systematically over a specified period, ensuring a
representative sample of customer arrivals and service times. Data processing is to identify patterns, determine the
appropriate queuing model, and assess its effectiveness. The final stage includes data analysis and discussions on
findings, focusing on how the model can optimize the number of tellers and meet stakeholder needs. Each stage is
designed to systematically explore the queuing system at the bank, starting from initial observations to the model
development that aligns with stakeholder aspirations
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3.3. Research Preparation

The preparation phase is focused on observing the queuing facilities at the bank, including understanding the queuing
discipline. Queuing discipline refers to the rules and policies that dictate the order in which customers are served,
ensuring fairness and efficiency in the system. The study was conducted in two months, in which data were collected
over 328 hours. This period is considered representative of the bank's annual operations, assuming homogeneous
behavior throughout the year. Moreover, the preparation also involved calculating the minimum sample size using the
Solvin formula, to ensure statistical accuracy. With an accuracy level of 7.5%, it was identified the minimum sample
size of 116. Yet, 128 samples of arrival and service data were randomly selected to provide a robust dataset. The
sampling method was initiated by generating random numbers using Excel software, which determined the specific
hours for data collection, as detailed in table 1 and table 2.

Table 1. Arrival Data Collection Design

Day
Schedule

1 2 3 4 41

08-09 1 17 25 321

09-10 2 10 18 26 322

10-11 3 11 19 27 323

= 11-12 4 12 20 28 324
2 12-13 5 13 21 29 325
13-14 6 14 22 30 326

14-15 7 15 13 31 327

15-16 8 16 24 32 328

Table 2. Service Data Collection Design
Schedule bay

1 2 3 4 41

08-09 1 17 25 321

09-10 2 10 18 26 322

10-11 3 11 19 27 323

= 11-12 4 12 20 28 324
2 12-13 5 13 21 29 325
13-14 6 14 22 30 326

14-15 7 15 13 31 327

15-16 8 16 24 32 328

3.4. Data Collection

The process of data collection includes systematic observation of the number of customer arrivals and the services
provided at specific hours each day, as specified in the research design. This approach enables the data to demonstrate
typical patterns of customer behavior and service delivery within the bank. The marked times in the schedule represent
the moments when data was recorded, offering a comprehensive view of the queuing system's operation.

3.5. Data Processing

Several key calculations were presented after data were collected. Testing the distribution of arrivals and services were
done to analyze the collected data to understand the distribution patterns that were crucial for selecting the proper
gueuing model. Based on the data distribution, the research identified the queuing model that best fits with the bank's
operational environment. The last calculation was determining the proper queuing decision model. This involved
selecting a decision-making framework in line with the stakeholders' aspirations, balancing operational efficiency and
customer satisfaction.
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3.6. Data Analysis

Data analysis, as the final stage of the methodology, involves discussions on research findings in the context of
optimizing the number of tellers at the bank. This analysis contemplates the aspirations of both customers and service
providers, to balance reducing waiting times and managing operational costs. The analysis also includes a sensitivity
analysis to explore how different scenarios, such as changes in customer arrival rates or service times, might affect the
queuing system's performance. The analysis aims to provide actionable insights that can be used to refine the queuing
model, ensuring it meets the preferences of all stakeholders involved.

4. Results and Discussion

4.1. Service System Observations

Based on the observations of the bank's service system, the service discipline followed is First Come, First Served
(FCFS). This queuing method ensures that customers are served in the order they arrive, promoting fairness. The service
room is spacious, allowing for a high number of customers to be present at any given time, which indicates that the
system's capacity is virtually unlimited. A customer survey revealed that while customers prefer swift service, they are
generally willing to tolerate an average wait time of up to 10 minutes. On the bank's side, an idle time for tellers of up
to 25% is acceptable. The cost associated with each additional teller, which includes their salary and the cost of adding
facilities, is approximately IDR 5,880,000 per month or IDR 35,000 per hour.

4.2. Arrival and Service Distribution Data

The data collection for arrivals and services was conducted according to the predetermined sampling design. Arrival
data was collected by observing the number of customers arriving every hour (A). The results, as shown in table 3
indicate variability in the frequency of customer arrivals. Similarly, service data was gathered by recording the number
of customers served each hour (), with the results presented in table 4 These tables provide a detailed frequency
distribution, helping to understand the patterns and peaks in both customer arrivals and service rates.

Table 3. Frequency Distribution of Customer Arrivals

No A Freq No A Freq
1 6 10 17 7
2 6 11 18 7
3 10 7 12 19 6
4 11 8 13 20 5
5 12 9 14 21 5
6 13 12 15 22 4
7 14 13 16 23 4
8 15 13 17 24 3
9 16 11 18 25 2

Table 4. Frequency Distribution of Number of Customers Served

No pi Freq (Fi) No m Freq (Fi)
1 5 7 7 11 10
2 6 13 8 12 6
3 7 14 9 13 6
4 8 18 10 14 5
5 9 24 11 15 3
6 10 20 12 16 2
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4.2.1. Data Processing

The data were managed to classify the queuing model using Kendall's Notation, which follows the format (a/ b/ c): (d
/e /). Later, 'a' represents the arrival distribution, 'b' the service distribution, 'c’ the number of parallel service facilities,
'd' the service discipline, 'e' represents the maximum number of customers allowed in the system, and 'f' denotes the
size of the calling source.

4.2.2. Arrival Distribution

The average number of customer arrivals per hour was calculated to be 15.18. To identify the distribution pattern of
the arrival data, a goodness-of-fit test was performed. The test statistic (X2 cal) was computed and compared against
the critical value (X?). The result showed that the arrival data follows a Poisson distribution (X2 cai = 18.44 < %2 (0.05:15)
= 25.00), as depicted in figure 1.
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Figure 1. Customer Arrival Distribution

4.2.3. Service Distribution

Similarly, the service data that showed an average service rate (u) of 9.20 customers per hour, were verified for its
distribution. The goodness-of-fit test confirmed that the service data also follow a Poisson distribution (X? ca = 7.45 <
x2 (0.05;9) = 16.92), as shown in figure 2.
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Figure 2. Distribution of Customer Service

4.3. Queue Model Formulation and Calculation

Given the Poisson distribution for both arrival and service times, and assuming the system capacity is infinite, the
queuing model can be defined as (M/M/c): (GD/oo/o0). Using standard queuing formulas, various parameters such as
the probability of zero customers (PO), the average number of customers in the queue (Lg), the average number of
customers in the system (Ls), the average waiting time in the queue (Wq), and the average time in the system (Ws)
were calculated for different numbers of service facilities (c). With the following formula:



Journal of Applied Data Sciences

ISSN 2723-6471

Vol. 5, No. 4, December 2024, pp. 1715-1725 1721
n
p_ 0<n<c
Il
pn )
<cn —oc P,,n>c
c—1 p C -1
St ®3)
n=0 n! c! (1 - _)
c+1
L P,
C 135 o (@
= [e=l®
p=Au; (%)
Ly=Lg+p (6)
Lq
1
W, = Wq + H (8)

Based on some values calculated before, namely
A =15.18 customers/hour,
u=9.20 customers/ hour,
C: = Rp 35,000/hour,
Value Po, L, Ls, Wq, W5, and X will be calculated.
p=Mp=15.18/9.20=1.65
Forc=1;
A>cp,sothat Po=0,Lg=00, LS=0
Wq=o, Ws =00, X =0%
Forc=2;
Po ={1.65%0! + 1.65%1! + 1.65%/(2!(1 — 1.65/2))} ! = 0.0959
Lg = (1.65%((2 - 1)! (2 - 1.65)?)) x 0.0959 = 3.5163
Ls =3.5163 + 1.65 = 5.1663
W(q = 3.5163/15.18 = 0.2316 hours = 13.8986 minutes
Ws =0.2316 + 1/9,2 = 0.3403 hours = 20.42 minutes
X =100% (1 - 15.18/(2 x 9.2) = 17.5%
Forc=3;
Po ={1.65%0! + 1,65%1! + 1,65%/2! + 1,65%(3!(1 - 1,65/3))} 1 =0,1781
Lg = (1.65%((3 - 1)! (3—1.65)?)) x 0.1781= 0.3621
Ls =0.3621 + 1.65 = 2.0121
Wq = 0.3621/15.18 = 0.0239 hours = 1.43 minutes
Ws = 0.0239 + 1/9.2 = 0.1326 hours = 7.95 minutes
X =100 % (1 —15.18/(3 x 9.2) = 45.00%
For c =4;
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Po ={1.65%0! + 1.65%1! + 1.65%/2! + 1.65%3! + 1.65%/(4!(1 — 1.65/4))} 1 = 0.1892
Lg = (1.65%((4 — 1)! (4 - 1.65)?)) x 0.1892 = 0.0698

Ls =0.0698+ 1.65 = 1.7198

W(q = 0.0698/15.18 = 0.0046 hours = 0.2760 minutes

Ws =0.0046 + 1/9.2 = 0.1133 hours = 6.7977 minutes

X =100 % (1 —15.18/(4 x 9.2) = 58.75%

The calculations are summarized in table 5, which highlights the optimal conditions for different values of c.
Table 5. Optimal Condition Determination

c 1 2 3 4
Po (%) 0,00 9,59 17,81 18,92
Lq (#customer) 0 3,52 0,36 0,07
Ls (#customer) 0 5,17 2,01 1,72
Wq(minutes) 0 13,90 1,43 0,28
WSs (minutes) 0 20,42 7,95 6,80
X (%) 0 17,50 45,00 58,75

4.4. Queue Decision Based on Stakeholder Aspirations
An aspiration level model that reflects customer and company (teller) aspirations is used, as shown in figure 3.

A

Acceptable range of ¢

Ws

Figure 3. Aspiration Level Model

Queuing decisions are made by fulfilling the aspirations of consumers (Ws < a) and banks (X < ), with X =100(1- A
fc .

Based on a and B, it is possible to determine the acceptable range of c that satisfies both aspirations. If both aspiration
levels cannot be met simultaneously, then one or both constraints need to be relaxed before a decision is made. To
constrain specific decision-making, the cost parameter C2 (cost of waiting/hour) resulting from the selection of ¢ for a
given aspiration level can be calculated. This is because it is generally more challenging to estimate the cost of waiting
than to estimate the costs associated with adding new facilities/services. Based on the formulas in the cost model, the
value of C2 is in the range of:

¢l <C2< ¢l
Ls(c— 1) —Ls(c) = ~ ~ Ls(c) — Ls(c+ 1) ©)

The customer survey found that the maximum waiting time in the system was 10 minutes (Ws < a), and The bank
tolerates an average percentage of idle tell-ers of 25% (X <25%). Based on table 5, when ¢ = 2, it is able to meet the
Bank's aspirations (X = 17.50% < 25%) but has not been able to meet customer aspirations (Ws = 20.42 minutes > 10
minutes). Conversely, when ¢ = 3, it is able to meet customer aspirations (Ws = 7.95 minutes < 10 minutes) but has not
been able to meet the aspirations of the Bank (X = 45% > 25%). Based on formula (8), It can be concluded that the
optimum number of employees (c) is:

¢ = 2 if the cost of waiting/hour is:
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IDR 0/hour < C2 < IDR 11,076/ hour
¢ = 3, if the cost of waiting/hour is:
IDR 11,076/hour < C2 < IDR 120,690/hour

Based on stakeholder aspirations, the sensitivity of providing service facilities was carried out. Two alternatives were
obtained, namely, 2 or 3 facilities. The number of facilities provided is two if the cost of waiting is at most IDR 11,076
/ hour, and three if the cost of waiting is between IDR 11,076/hour and IDR 120,690/hour.

4.5. Implications for Service Providers

These findings provide significant implications for service providers. Significant preparations must be made to adjust
the number of service facilities based on the cost of waiting and the importance of the customers. For high-value
customers, additional service facilities must be available. The flexibility in managing service facilities can be increased
by employing multi-skilled workers and improving the coziness of waiting areas. Moreover, information technology
utilization can streamline queue management and reduce perceived waiting times. Future research should consider
customer arrivals monthly variations and service times that lead to a more dynamic queuing model.

Based on observations of the service system in banks, the service discipline was FCFS. The service room is large
enough that the number of customers allowed to enter the system is quite large; in other words, the capacity of the
system is not limited. The customer survey indicated that customers wanted fast service but still tolerated an average
time in the system of 10 minutes. The bank tolerates an average percentage of idle tellers of 25%. The cost of each
additional facility (teller), which includes teller costs and the cost of adding facilities on average, is IDR
5,880.000/month = IDR 35,000/hour.

5. Conclusions

The conclusion of this study offers significant insights into the optimal design of a queuing system, particularly in the
context of bank services where customer satisfaction and operational efficiency are critical. The research identifies two
optimal scenarios based on the cost of waiting per hour (C2), allowing for a strategic decision regarding the number of
service facilities (servers) to be provided. The first scenario, where the number of servers (c) is set to 2, is deemed
optimal if the waiting cost per hour falls within the range of IDR 0 to IDR 11,076. This configuration is suitable for
situations where the cost of waiting is relatively low, and customers are more tolerant of longer waiting times. It reflects
a balance between operational costs and service quality, aligning with stakeholder aspirations while maintaining
efficiency. In the second scenario, the number of servers (c) is increased to 3 when the waiting cost per hour ranges
from IDR 11,076 to IDR 120,690. This configuration is ideal when customers have a lower tolerance for waiting,
necessitating quicker service to maintain satisfaction. The higher number of servers ensures that waiting times are
minimized, directly addressing customer expectations and enhancing the overall service experience.

The study also emphasizes the importance of flexibility in service provision. The two alternatives presented offer
companies the ability to make proactive decisions based on real-time customer feedback and appreciation of waiting
times. By adapting the number of servers according to the specific cost and customer preferences, companies can better
manage resources while ensuring customer satisfaction. These findings highlight the critical need for adaptable and
flexible service facilities in modern banking environments. Companies that can swiftly adjust their service offerings in
response to customer needs will be better positioned to maintain a competitive edge, reduce complaints, and improve
overall service quality. This flexibility, coupled with the strategic use of information technology, can significantly
enhance the customer experience, especially in high-stakes or priority situations.

6. Declarations

6.1. Author Contributions

Conceptualization: .D.W., A.P., and Q.; Methodology: A.P. and Q.; Software: 1.D.W.; Validation: 1.D.W., A.P., and
Q.; Formal Analysis: 1.D.W., A.P., and Q.; Investigation: I.D.W.; Resources: A.P.; Data Curation: A.P. and Q.; Writing



Journal of Applied Data Sciences ISSN 2723-6471
Vol. 5, No. 4, December 2024, pp. 1715-1725 1724

Original Draft Preparation: I.D.W., A.P., and Q.; Writing Review and Editing: A.P., Q., and 1.D.W.; Visualization:
1.D.W.; All authors have read and agreed to the published version of the manuscript.

6.2. Data Availability Statement
The data presented in this study are available on request from the corresponding author.

6.3. Funding

The authors received financial support for the research and publication of this article from the Department of Industrial
Engineering, Faculty of Industrial Technology, Universitas Islam Indonesia, Yogyakarta, Indonesia.

6.4. Institutional Review Board Statement

Not applicable.

6.5. Informed Consent Statement
Not applicable.

6.6. Declaration of Competing Interest

The authors declare that they have no known competing financial interests or personal relationships that could have
appeared to influence the work reported in this paper.

References
[1] C.C. Liang, “Queueing management and improving customer experience: empirical evidence regarding enjoyable queues,”

Journal of Consumer Marketing, vol. 33, no. 4, pp. 257-268, 2016.

[2] D. Hartleb, A. Ahrens and J. Zas¢erinska, “Exploring the impact of burstiness on the service process at the cash register,” in
Proceedings of the International Scientific and Practical Conference, vol. 3, no. June, pp. 104-109, 2021.

[3] K. Anand, M. F. Pac and S. K. Veeraraghavan, “Quality—Speed conundrum: trade-offs in customer-intensive services,”
Management Science, vol. 57, no. 1, pp. 40-56, 2011.

[4] J. Liu, Y. Zhou and J. Chen, “Customer segmentation and ex-ante fairness: a queueing perspective,” Production and
Operations Management, vol. 32, no. 10, pp. 3246-3265, 2023.

[5] R. d. Haan, A. Hanbali, R. J. Boucherie and J. K. V. Ommeren, “Transient analysis for exponential time-limited polling
models under the preemptive repeat random policy,” Advances in Applied Probability, vol. 52, no. 1, pp. 32-60, 2020.

[6] R.D.Foley and D. McDonald, “Join the shortest queue: stability and exact asymptotics,” the Annals of Applied Probability,
vol. 11, no. 3, pp. 569-607, 2001.

[71 K. Kim, M. Kim and J. Jun, “Small queuing restaurant sustainable revenue management,” Sustainability, vol. 12, no. 8, p.
3477, 2020.

[8] S. Gumus, G. M. Bubou and M. Oladeinde, “Application of queuing theory to a fast food outfit: a study of blue meadows
restaurant,” Independent Journal of Management and Production, vol. 8, no. 2, p. 441, 2017.

[9] S. Alharbi, A. F. Alasmari, E. Hanafy and A. Ellawindy, “Reduction of hospital bed cost for inpatient overstay through
optimization of patient flow,” BMJ Open Quality, vol. 12, no. 2, pp. 1-12, 2023.

[10] V. Rema and K. Sikdar, “Optimizing patient waiting time in the outpatient department of a multi-specialty Indian hospital:
the role of technology adoption and queue-based Monte Carlo simulation,” SN Computer Science, vol. 2, no. 3, pp. 1-10,
2021.

[11] M. Vali, K. Salimifard, A. H. Gandomi and T. J. Chaussalet, “Care process optimization in a cardiovascular hospital: an
integration of simulation—optimization and data mining,” Annals of Operations Research, vol. 318, no. 1, pp. 685-712, 2022.

[12] F. A. Silva, T. A. Nguyen, C. B. L. Fé, D. Min and J.-W. Lee, “Performance evaluation of an Internet of Healthcare things
for medical monitoring using m/m/c/k queuing models,” IEEE Access, vol. 9, no. April, pp. 55271-55283, 2021.

[13] H. Mittal and N. Sharma, “Simulation-based approach for minimizing waiting time in AIIMS, Delhi using queuing model,”
International Journal of Health Sciences, vol. 6, no. S5, pp. 7037-7054, 2022.


file:///D:/PROJECT%20JURNAL/CopyEdit-13/%5b1%5d%09https:/www.emerald.com/insight/content/doi/10.1108/JCM-07-2014-1073/full/html
file:///D:/PROJECT%20JURNAL/CopyEdit-13/%5b1%5d%09https:/www.emerald.com/insight/content/doi/10.1108/JCM-07-2014-1073/full/html
https://journals.rta.lv/index.php/ETR/article/view/6563
https://journals.rta.lv/index.php/ETR/article/view/6563
https://pubsonline.informs.org/doi/abs/10.1287/mnsc.1100.1250
https://pubsonline.informs.org/doi/abs/10.1287/mnsc.1100.1250
https://onlinelibrary.wiley.com/doi/10.1111/poms.14033
https://onlinelibrary.wiley.com/doi/10.1111/poms.14033
https://www.jstor.org/stable/48654385?seq=7
https://www.jstor.org/stable/48654385?seq=7
https://www.jstor.org/stable/2699873
https://www.jstor.org/stable/2699873
https://www.mdpi.com/2071-1050/12/8/3477
https://www.mdpi.com/2071-1050/12/8/3477
http://www.ijmp.jor.br/index.php/ijmp/article/view/576
http://www.ijmp.jor.br/index.php/ijmp/article/view/576
https://bmjopenquality.bmj.com/content/12/2/e002142
https://bmjopenquality.bmj.com/content/12/2/e002142
https://link.springer.com/article/10.1007/s42979-021-00595-8
https://link.springer.com/article/10.1007/s42979-021-00595-8
https://link.springer.com/article/10.1007/s42979-021-00595-8
https://link.springer.com/article/10.1007/s10479-022-04831-z
https://link.springer.com/article/10.1007/s10479-022-04831-z
https://ieeexplore.ieee.org/document/9398691
https://ieeexplore.ieee.org/document/9398691
https://sciencescholar.us/journal/index.php/ijhs/article/view/10227
https://sciencescholar.us/journal/index.php/ijhs/article/view/10227

Journal of Applied Data Sciences ISSN 2723-6471
Vol. 5, No. 4, December 2024, pp. 1715-1725 1725

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

X. Lyu, F. Xiao and X. Fan, “Application of Queuing Model in Library Service,” Procedia Computer Science, vol. 188, no.
July, pp. 69-77, 2021.

S. Arora, R. R. Parida and S. Sahney, “Understanding consumers' showrooming behavior: a stimulus—organism-response (s-
o-r) perspective,” International Journal of Retail and Distribution Management, vol. 48, no. 11, pp. 1157-1176, 2020.

V. Kaura, C. S. D. Prasad and S. Sharma, “Impact of service quality, service convenience, and perceived price fairness on
customer satisfaction in Indian retail banking sector,” Management and Labour Studies, vol. 39, no. 2, pp. 127-139, 2014.

E. B. Cil, “Managing Service Systems via Disguised Queues: The Role of Retaliating Customers,” Decision Sciences, vol.
52, no. 2, pp. 427-454, 2020.

D. O. Ikotun, J. A. Ademuyiwa and F. D. Famule, “Comparative analysis of customers' queue management of First Bank plc.
And Guaranty Trust Bank plc, Isokun Ilesa, Nigeria,” International Journal of Mathematical Sciences and Computing, vol.
2,no. 4, pp. 1-11, 2016.

M. D. Clemes, C. Gan and D. Zhang, “Customer switching behavior in the Chinese retail banking industry,” International
Journal of Bank Marketing, vol. 28, no. 7, pp. 519-546, 2010.

O. T. Olu, “Application of queuing theory to a bank’s automated teller machine (atm) service optimization,” Mathematics
Letters, vol. 5, no. 1, p. 8, 2019.

M. Boshkoska and K. Sotiroski, “An empirical study of customer usage and satisfaction with e-banking services in the
Republic of Macedonia,” Croatian Review of Economic, Business and Social Statistics, vol. 4, no. 1, pp. 1-13, 2018.

Y. Dimitrakopoulos and A. Burnetas, “Customer equilibrium and optimal strategies in an m/m/1 queue with dynamic service
control,” European Journal of Operational Research, vol. 252, no. 2, pp. 477-486, 2016.

S. Cui and S. K. Veeraraghavan, “Blind queues: the impact of consumer beliefs on revenues and congestion,” Management
Science, vol. 62, no. 12, pp. 3656-3672, 2013.

S. S. Srinivas and R. R. Marathe, “Using queue to signal quality in primary care: the need for further empirical investigation,”
The International Journal of Health Planning and Management, vol. 35, no. 1, pp. 394-396, 2019.

P. Guo and P. Zipkin, “Analysis and comparison of queues with different levels of delay information,” Management Science,
vol. 53, no. 6, pp. 962-970, 2007.

G. Kankam Jr, “Customer Retention at Republic Bank in Ghana: A Marketing Perspective,” Journal of Economics and
Business, vol. 3, no. 4, pp 1472-1478, 2020.

H. Kegoro and J. Ochieng, “Automated queuing system on performance of selected state-owned commercial in Kenya: A
conceptual paper,” International Journal of Research -GRANTHAALAYAH, vol. 9, no. 9, pp. 391-405, 2021.

M. Pereda, “Decision biases in human queuing systems: a simulation model to use in the class,” Direccién y Organizacion,
vol. 77, no. July, pp. 31-39, 2022.

D. L. Choi, “Analysis of queueing model with priority scheduling by supplementary variable method,” Journal of applied
mathematics and informatics, vol. 31, no. 1-2, pp. 147-154, 2013.

X. Lu, T. Jiang and X. Chai, “Information heterogeneity in queueing service systems: differentiated pricing decision with
word-of-mouth rating information on service value,” Journal of Industrial and Management Optimization, vol. 19, no. 7, p.
1, 2023.

T. Jiang, X. Lu, L. Liu, J. Lv and X. Chai, “Strategic Behavior of Customers and Optimal Control for Batch Service Polling
Systems with Priorities,” Complexity, vol. 2020, no. 1, pp. 1-19, 2020.

S. Novitzky, J. Pender, R. H. Rand and E. Wesson, “Nonlinear dynamics in queueing theory: determining the size of
oscillations in queues with delay,” SIAM Journal on Applied Dynamical Systems, vol. 18, no. 1, pp. 279-311, 2019.

G. Obermeier, R. Zimmermann and A. Auinger, “The effect of queuing technology on customer experience in physical retail
environments,” HCI in Business, Government and Organizations. HCI in Business, Government and Organizations. HCII
2020, vol. 12204, no. July, pp. 141-157, 2020.


https://www.sciencedirect.com/science/article/pii/S187705092101139X
https://www.sciencedirect.com/science/article/pii/S187705092101139X
https://www.emerald.com/insight/content/doi/10.1108/IJRDM-01-2020-0033/full/html
https://www.emerald.com/insight/content/doi/10.1108/IJRDM-01-2020-0033/full/html
https://journals.sagepub.com/doi/10.1177/0258042X14558188
https://journals.sagepub.com/doi/10.1177/0258042X14558188
https://onlinelibrary.wiley.com/doi/10.1111/deci.12444
https://onlinelibrary.wiley.com/doi/10.1111/deci.12444
https://www.mecs-press.org/ijmsc/ijmsc-v2-n4/v2n4-1.html
https://www.mecs-press.org/ijmsc/ijmsc-v2-n4/v2n4-1.html
https://www.mecs-press.org/ijmsc/ijmsc-v2-n4/v2n4-1.html
%5b1%5d%09https:/www.emerald.com/insight/content/doi/10.1108/02652321011085185/full/html
%5b1%5d%09https:/www.emerald.com/insight/content/doi/10.1108/02652321011085185/full/html
https://sciencepublishinggroup.com/article/10.11648/j.ml.20190501.12
https://sciencepublishinggroup.com/article/10.11648/j.ml.20190501.12
https://sciendo.com/article/10.2478/crebss-2018-0001
https://sciendo.com/article/10.2478/crebss-2018-0001
https://www.sciencedirect.com/science/article/abs/pii/S0377221715011686
https://www.sciencedirect.com/science/article/abs/pii/S0377221715011686
https://pubsonline.informs.org/doi/10.1287/mnsc.2015.2320
https://pubsonline.informs.org/doi/10.1287/mnsc.2015.2320
https://onlinelibrary.wiley.com/doi/abs/10.1002/hpm.2907
https://onlinelibrary.wiley.com/doi/abs/10.1002/hpm.2907
https://pubsonline.informs.org/doi/abs/10.1287/mnsc.1060.0686
https://pubsonline.informs.org/doi/abs/10.1287/mnsc.1060.0686
http://doi.org/10.31014/aior.1992.03.04.293
http://doi.org/10.31014/aior.1992.03.04.293
https://www.granthaalayahpublication.org/journals/index.php/granthaalayah/article/view/4268
https://www.granthaalayahpublication.org/journals/index.php/granthaalayah/article/view/4268
https://revistadyo.es/DyO/index.php/dyo/article/view/622
https://revistadyo.es/DyO/index.php/dyo/article/view/622
https://koreascience.or.kr/article/JAKO201329063579798.page
https://koreascience.or.kr/article/JAKO201329063579798.page
https://www.aimsciences.org/article/doi/10.3934/jimo.2022180
https://www.aimsciences.org/article/doi/10.3934/jimo.2022180
https://www.aimsciences.org/article/doi/10.3934/jimo.2022180
https://preview.hindawi.com/journals/complexity/2020/6015372/
https://preview.hindawi.com/journals/complexity/2020/6015372/
https://epubs.siam.org/doi/10.1137/18M1170637
https://epubs.siam.org/doi/10.1137/18M1170637
https://link.springer.com/chapter/10.1007/978-3-030-50341-3_12
https://link.springer.com/chapter/10.1007/978-3-030-50341-3_12
https://link.springer.com/chapter/10.1007/978-3-030-50341-3_12

