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Abstracts 

The effective management of patient flow is an essential component of healthcare systems, with 

the primary objectives of minimizing congestion and improving service delivery. The purpose 

of this research is to investigate the utilization of queuing models, such as M/M/1 and M/M/c, 

in order to optimize waiting times in hospitals and emergency departments. In order to reduce 

bottlenecks and enhance resource utilization, various techniques are offered after conducting 

an analysis of patient arrival patterns, service rates, and system capacity. The use of optimized 

queuing models has the potential to result in improved patient experiences, decreased stress 

levels among medical staff, and an overall improvement in the efficiency of healthcare delivery. 

Furthermore, the research highlights the significance of simulation and data-driven approaches 

in the process of refining queuing strategies for dynamic healthcare environments. 
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1. Introduction 

Particularly in emergency departments (EDs) and outpatient clinics, healthcare systems all across 

the world are coming under growing pressure to provide services that are both effective and 

timely. It has been found that chronic problems such as long waiting times, overcrowding, and 

inefficient resource allocation have a detrimental impact on patient satisfaction, clinical results, 

and overall healthcare efficiency (Hall et al., 2006). These issues are made even more difficult 

in developing nations because to the limited resources available, the inadequate infrastructure, 

and the fast increasing patient populations (Gupta et al., 2021). According to studies, patients in 

settings with limited resources frequently encounter waiting times that are longer than the 
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standards that are advised, which leads to delayed treatments and increased morbidity (World 

Health Organisation, 2018). 

Managing the flow of patients in an effective manner has become an increasingly important 

requirement. Not only do inefficient systems place a strain on healthcare providers, but they also 

lead to financial losses as a consequence of lost resources and decreased patient throughput 

(Litvak et al., 2005). The queuing theory is a mathematical framework that was established to 

analyze waiting lines in telecommunications and transportation systems. In order to address these 

difficulties, healthcare administrators and researchers have turned to queuing theory. It is 

possible for healthcare facilities to identify bottlenecks and optimize resource allocation with the 

use of queuing theory, which offers a systematic way to modelling patient arrivals, service times, 

and system capacity (Gross et al., 2008).  

In this work, the application of queuing models, specifically the M/M/1 (single-server) and 

M/M/c (multi-server) models, is investigated with the purpose of optimizing waiting times in 

healthcare systems. According to Green (2006), these models are especially helpful for analyzing 

patient flow in settings such as emergency rooms, outpatient clinics, and diagnostic centres. In 

these types of settings, patient arrivals are frequently random, and treatment durations fluctuate 

significantly. By utilizing queuing theory, healthcare institutions are able to decrease the amount 

of time that patients are required to wait, improve resource utilization, and improve the overall 

quality of service. This study investigates the integration of simulation tools and data-driven 

approaches to refine queuing tactics in dynamic healthcare environments. Traditional queuing 

models are also included in this investigation. The modelling of complicated scenarios is made 

easier by simulation programs such as Simul8 and Arena, which enable healthcare administrators 

to test a variety of tactics and forecast the effects of those strategies before they are put into 

action (Banks et al., 2010). Moreover, data-driven techniques, which are powered by electronic 

health records (EHRs) and real-time patient tracking systems, make it possible for healthcare 

facilities to modify their queuing models in response to shifting conditions, such as seasonal 

variations in the number of patients that arrive or unanticipated surges in demand (Gupta et al., 

2021). 

This research endeavor's major purpose is to illustrate how queuing models can be utilized to 

optimize waiting times in healthcare systems, with a particular emphasis on emergency rooms. 

In order to demonstrate how queuing theory may be applied in the real world, a case study of an 

emergency department (ED) is presented, which is supported by calculations, simulations, and 

data analysis. The findings of this study have major significance for several stakeholders in the 

healthcare industry, including administrators, policymakers, and researchers who are working to 

improve patient flow management and boost the efficiency of healthcare delivery. 

 

2. Literature Review 

2.1 Queuing Theory in Healthcare 

In order to optimize resource allocation and model patient flow, queuing theory has been widely 

used in the healthcare industry. Erlang's (1909) seminal work in telecommunications laid the 
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groundwork for the use of queuing models in a variety of sectors, including healthcare. Queuing 

theory helps identify bottlenecks and improve operational efficiency in healthcare settings by 

offering a mathematical framework for analyzing patient arrivals, service delays, and system 

capacity (Gross et al., 2008). 

Simple healthcare systems, like clinics with a single doctor or diagnostic centers, are frequently 

analyzed using the M/M/1 model, which assumes a single server and Poisson-distributed arrivals 

and service times (Green, 2006). However, the M/M/c architecture, which includes many servers, 

is typically more appropriate in more complicated settings, such as emergency rooms. In multi-

server systems, such emergency rooms with several doctors or service counters, studies have 

shown that the M/M/c model can successfully cut down on wait times and improve resource use 

(Hall et al., 2006). 

2.2 Challenges in Healthcare Queuing Systems 

Despite the potential advantages, there are a number of obstacles to overcome before queuing 

theory may be applied in the healthcare industry. Variability in patient arrivals and service 

durations is a major obstacle that can lead to departures from the presumptions of conventional 

queuing models (Litvak et al., 2005). For example, emergency department patient visits 

frequently exhibit a non-stationary pattern, with notable variations at peak hours or in reaction 

to outside events like disease epidemics or natural disasters (Green, 2006). In a similar vein, 

service durations vary significantly based on variables like the intricacy of medical diseases, the 

accessibility of diagnostic testing, and the effectiveness of healthcare professionals. 

The use of queuing models is made more difficult by the variability of patient populations. Many 

healthcare settings priorities patients based on the severity of their ailments rather than serving 

them on a first-come, first-served (FCFS) basis (Hall et al., 2006). Because priority queues and 

service interruptions need to be included in the study, this makes queuing models even more 

complex. 

2.3 Simulation and Data-Driven Approaches 

To address challenges in healthcare systems, simulation tools and data-driven approaches have 

increasingly been used to improve the accuracy and applicability of queuing models. Tools such 

as Simul8 and Arena allow healthcare administrators to model complex scenarios, test various 

strategies, and predict outcomes prior to implementation (Banks et al., 2010). These simulation 

models can incorporate time-dependent arrival rates, priority queues, and resource constraints, 

offering a more realistic representation of healthcare systems. 

Data-driven approaches, facilitated by electronic health records (EHRs) and real-time patient 

tracking systems, enable healthcare facilities to adapt queuing models to evolving conditions 

(Gupta et al., 2021). For instance, historical arrival data can enhance the precision of arrival rate 

estimates, while machine learning algorithms can forecast peak demand periods and adjust 

staffing levels accordingly. These methods not only improve the accuracy of queuing models but 

also empower healthcare facilities to respond dynamically to changing conditions, such as 

seasonal fluctuations in patient arrivals or unexpected surges in demand. 
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2.4 Case Studies and Applications 

The efficiency of queuing models in healthcare system optimization has been shown in a number 

of case studies. In a research by Green (2006), for example, the M/M/c model was applied to an 

emergency room in the United States, and through better staffing and resource allocation 

techniques, average waiting times were reduced by 30%. The same was true for Hall et al. (2006), 

who used simulation tools to model patient flow in a large metropolitan hospital, identifying 

bottlenecks and suggesting ways to improve efficiency. Queuing models have been used in 

underdeveloped nations, where healthcare resources are frequently restricted, to maximize the 

distribution of those resources. By using queuing theory at a rural healthcare clinic in India, 

Gupta et al. (2021) were able to improve scheduling and resource allocation and cut patient 

waiting times by 40%. These case studies demonstrate how queuing models can improve 

healthcare efficiency even in settings with limited resources. 

2.5 Gaps in the Literature 

There are still a number of gaps in the growing corpus of research on queuing theory in 

healthcare. First and foremost, further research is required on the use of queuing models in low-

resource environments, where healthcare systems encounter particular difficulties such as 

inadequate staffing, large patient loads, and limited infrastructure (World Health Organisation, 

2018). Second, there is still little study on how to combine queuing models with cutting-edge 

technology like machine learning algorithms and IoT-enabled sensors. In dynamic healthcare 

settings, these technologies could improve queuing models' precision and usefulness (Gupta et 

al., 2021). Lastly, additional longitudinal research is required to evaluate the long-term effects 

of queuing-based interventions on patient outcomes and healthcare efficiency. 

 

3. Queuing Theory Fundamentals 

3.1 M/M/1 Model (Single-Server Queue) 

The M/M/1 model is the simplest queuing model, where: 

λ  = arrival rate (patients per hour) 

μ = service rate (patients per hour) 

ρ = utilization factor (ρ =  λ/μ) 

Key performance metrics for the M/M/1 model include: 

Average number of patients in the system (L): 

L = λ/μ − λ 

Average waiting time in the system (W): 

W = 1/μ − λ 

Average waiting time in the queue: (Wq) =
λ

μ(μ−λ)
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3.2 M/M/c Model (Multi-Server Queue) 

The M/M/c model is an extension of the M/M/1 model, incorporating multiple servers ('c' doctors 

or 'c' service counters). Key metrics in this model include: 

Probability of zero patients in the system (P0): 

P0 = [ ∑
(λ/μ)n

n!
+

(λ/μ)c

c! (1 − ρ)

c−1

n=0

]

−1

 

where, ρ =
λ

cμ
 

 

Average number of patients in the queue (Lq) = 
(λ/μ)c.  ρ

c!(1−ρ)2 . Po 

Average waiting time in the queue: (Wq) =
Lq

λ
 

 

4. Case Study: Emergency Department (ED) Optimization 

4.1 Problem Description 

The following parameters are used in an emergency department, for the analysis based on the 

collected data. 

Table 1: Parameters in the emergency department 

Parameter Value 

Arrival rate (λ) 10 patients per hour 

Service rate (μ) 12 patients per hour (per server) 

Number of servers (c) 2 (doctors) 

Using the M/M/2 model, key performance metrics are calculated to evaluate the system's 

efficiency. 

4.2 Calculations 

Utilization factor (ρ) = 
λ

cμ
c =

10

2×12
=0.4167 

Probability of zero patients in the system (P0)= [1 +
10

12
+

(10/12)2

2!(1−0.4167)
]

−1

= 0.4118 

Average number of patients in the queue (Lq) = 
(10/12)2.  ρ

2!(1−0.4167)2 . 0.4118 = 0.175 patients 

Average waiting time in the queue Wq) =
0.175

10
= 0.0175 (1.05 minutes) 
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Average waiting time in the system, 

W = Wq +
1

μ
= 0.0175 +

1

12
= 0.1008 hours (6.05 minutes) 

 

5. Results 

According to the estimates, the average amount of time spent waiting in the queue is 1.05 minutes 

when there are two doctors present, whereas the average amount of time spent waiting in the 

system is 6.05 minutes. Based on this, it appears that there is a smooth flow of patients with 

minimal congestion. 

Table 2: Performance Metrics for M/M/2 Model in ED Case Study 

Metric Value 

Arrival rate (λ) 10 patients/hour 

Service rate (μ) 12 patients/hour 

Utilization factor (ρ) 41.67% 

Average waiting time in queue (Wq) 1.05 minutes 

Average waiting time in system (W) 6.05 minutes 

5.1 Simulation and Data-Driven Approaches 

5.1.1 Role of Simulation 

Simulation tools such as Simul8 and Arena are effective in modeling complex healthcare 

environments, accounting for various critical variables, including: 

Patient arrival patterns (Poisson distribution) 

Service time variability 

Resource constraints (limited beds or staff) 

Simulation of the emergency department (ED) case study could integrate additional factors such 

as: 

Time-dependent arrival rates (increased arrivals during peak hours) 

Priority queues for critical patients 

Staff shift changes 

These elements enable a more accurate representation of the dynamic and complex nature of 

healthcare systems, improving decision-making and resource optimization. 
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5.1.2 Data-Driven Optimization 

Data from electronic health records (EHRs) and real-time patient tracking systems are 

instrumental in refining queuing models. Historical arrival data enhance the accuracy of λ 

estimates. Additionally, machine learning algorithms facilitate the prediction of peak demand 

periods, enabling the adjustment of staffing levels accordingly. 

  

6. Discussion  

M/M/1 and M/M/c queuing models analyze patient-provider interactions to optimize patient flow 

in healthcare systems in an organized, cost-effective manner. In busy hospitals and clinics, these 

models boost efficiency and reduce wait times. When there is only one server treating patients, 

the M/M/1 model with exponential inter-arrival and service time distributions is often utilized. 

However, the M/M/c architecture, which uses several servers, is better for environments with 

many service points to serve more patients. 

In an emergency department (ED) case study, the M/M/2 paradigm, which uses two servers (e.g., 

two doctors or service counters), significantly reduced patient wait times. Multi-server systems 

managed patient throughput to reduce waiting time to 6.05 minutes. Multiple service points 

reduced congestion, allowing more patients to be processed in less time and minimising patient 

discontent. Advanced simulation and data-driven methodologies improve these queuing models. 

Real-time data and modern computer tools allow healthcare management to model patient flow 

scenarios and alter strategy depending on trends and patterns. Simulation-based models improve 

dynamic healthcare decision-making by accurately predicting patient behaviour and system 

performance under varied scenarios. Data-driven approaches can also reveal hidden bottlenecks 

and inefficiencies, allowing healthcare administrators to resolve them before they affect patient 

care. Integration of queuing models with simulation and data analytics will continue to optimize 

patient care as healthcare systems become more complicated. 

 

7. Conclusion 

This study demonstrates the potential of queuing models to optimize waiting times in healthcare 

systems. By applying M/M/1 and M/M/c models, hospitals can reduce bottlenecks, improve 

resource utilization, and enhance patient satisfaction. The integration of simulation tools and 

data-driven approaches further refines these strategies, making them adaptable to dynamic 

healthcare environments. Future research should explore the application of advanced queuing 

models and machine learning techniques to address more complex healthcare challenges. 

Hospitals could add servers at busy hours to reduce wait times and improve service. Adding 

doctors or service counters during peak times can enhance patient throughput and reduce 

congestion. IoT-enabled sensors and EHRs can also provide real-time patient flow data to change 

queuing techniques. Real-time monitoring improves patient flow and resource allocation. 

Additionally, hospitals should purchase simulation tools to model complex patient flow 

scenarios. This allows healthcare administrators to test different queuing tactics in a controlled 
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environment before deploying them in real life to ensure optimal operations and address possible 

bottlenecks. 
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