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Introduction 

Health care delivery and capacity planning have long 

benefited from the application of OR techniques (Fetter et 

al., 1975; Woodside et al., 1977; Hershey et al., 1981; 

Albin et al., 1990; Pierskalla et al., 1994). The diverse 

range of healthcare applications is highlighted by Salleh 

et al. (2017). These applications include community 

health care (Palmer et al., 2018), emergency departments 

(Mohiuddin et al., 2017; Gul et al., 2015; Elalouf et al., 

2022), obstetrics (Takagi et al., 2017), radiotherapy 

(Vieira et al., 2016), surgery (Guerriero et al., 2011; 

M’Hallah et al., 2014; Soh et al., 2017) and distribution 

of blood products (Belien et al., 2012). These techniques 

have also been used in the past to address issues that arise 

during a pandemic. In order to simulate and optimise 

nurse allocation in a hypothetical influenza outbreak, an 

emergency department was employed (Rico et al., 2007). 

In 2009, a drive-through MV clinic effectively 

immunised nearly 20,000 inhabitants against the H1N1 

virus over the course of 1.5 days using similar techniques 

(Kracht et al., 2021). It is not surprising, given this 

lengthy history and wide range of uses, that simulation 

techniques were quickly adopted to inform several facets 

of the pandemic response at the start of COVID-19. 

Using FlexSim Healthcare software, a DES was 

employed to replicate the COVID-19 screening and 

testing procedure in India (Gowda et al., 2021). Through 

simulation, this investigation was able to determine 

where there was a bottleneck in the patient flow within 

the testing facility. A model was employed in Canada to 

simulate the throughput of a mass vaccination facility that 

operated as a drive-through. This model used a variety of 

assumptions, such as staffing levels, service hours, car 

occupancy, and the availability of drive-through lanes, to 
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Abstract: Although queuing theory is commonly utilized in businesses to analyze 

and model processes involving waiting lines, the healthcare sector sees a 

difference from other industries when it comes to optimizing fixed resources under 

alterable demand conditions. To enhance operational effectiveness and cut down 

on waiting times, hospital operation managers need to be informed on the state of 

business processes. A scientific method to reduce systemic inefficiencies and raise 

patient satisfaction is the queuing theory. The objective of this study is to use 

queuing theory to optimize COVID-19 vaccination and booster delivery. This 

study discussed two distinct models, one for bigger MV hubs and the other for 

smaller GP vaccination clinics. The current study demonstrated how these models 

may be used to anticipate staffing needs to prevent bottlenecks, predict daily 

throughput given staff capacity limits, and simulate the queuing process. With 

respectable face validity, we produced accurate estimates of the distributions of 

given service times and overall processing times. In the future, this may be 

improved by carrying out a time-use survey to get empirical data on total 

processing time, which could be compared to the projected processing time of the 

model and service times for each station, which would help guide the model's 

inputs. 
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estimate overall throughput as well as average processing 

and waiting times. The model is web-based and was 

implemented with AnyLogic simulation software 

(Asgaryet al., 2022). In India, waiting is a necessary part 

of providing healthcare services, and long wait times are 

a major problem for nearly all large hospitals. Extended 

wait times may indicate inefficiencies in hospital 

operations.  

Sharma et al. (2024) the application of queuing theory 

to ambulatory waiting times, medical scheduling, and 

operational facility efficiency improvement were 

examined in the study, these results will help the 

government prepare for a similar pandemic in the future. 

A mechanistic model of the immune response to 

vaccinations was created by Dogra et al. (2023) as an in 

silico tool for optimizing dose schedules. Also forecasted 

customized vaccination dose schedules to reduce 

breakthrough infections, particularly for immune 

compromised persons, by assessing population 

vulnerability to breakthrough infections. In order to 

support public health planning for vaccination delivery, 

the objective of this study was to use SQN models to 

simulate the vaccination process. This paper described 

two distinct models, one for bigger MV hubs and the 

other for smaller GPV clinics and also demonstrated how 

these models may be used to anticipate staffing needs to 

prevent bottlenecks, predict daily throughput given staff 

capacity limits, and simulate the queuing process. Two 

significant additions to the literature are made by our 

analysis. In order to reconstitute vaccines just prior to 

administration and usage within a set timeframe, it is 

crucial to consider these principles when integrating the 

vaccine preparation process into the queuing network. 

Secondly, the simulation models are available to 

everyone via an open-source, free web-based user 

interface. This eliminates the need for specialised 

software, installations, or subscriptions and enables 

anybody to utilise our modelling tool. 

Literature review 

Hanly et al. (2021) demonstrated how stochastic 

queuing models may be used to forecast daily throughput 

based on staff availability, simulate vaccination lines, and 

provide guidance for service delivery. In order to 

determine the ideal distance to prevent the spread of 

viruses from person to person and to evaluate the 

efficiency of using face masks and eye protection in 

preventing viral transmission, Chu et al. (2020) 

conducted a systematic review & meta-analysis. Carrillo 

et al. (2019) assessed how the triage process can benefit 

from the application of queuing theory, leading to the 

development of practical ways to enhance patient care in 

the emergency room. According to Joseph (2020), 

queuing equations help to account for the impact of 

variability on delays and service times by modelling the 

demand for various ED processes. Utilisation is a rapid 

way to compare the demand for different resources 

because it measures a process's throughput in relation to 

demand. Queuing theory has been applied to EDs with 

some notable success, but overall, the field is still 

underutilised in ED operations. 

Queuing theory was applied by Cho et al. (2017) to 

examine how outpatient waiting times changed before to 

and following the implementation of EMR systems. 

Pumpo et al. (2022) presented a "queuing theory" based 

method in which real-life arrival rate variability was 

determined by studying a COVID-19 immunisation site 

that targets healthcare professionals based in a teaching 

hospital. In order to accomplish quick containments and 

population protection during a pandemic, Lee et al. 

(2022) developed a system that assists decision makers in 

real time in determining the MV tactics that make the 

best use of limited resources. A stochastic queuing model 

for vaccination procedures are all integrated into a single 

platform by the general-purpose framework. Various 

solutions were recommended by Kaushal et al. (2015) to 

decrease hospital patient waiting times. Previous studies 

show that in some emergency rooms, up to 50% or more 

patients can receive treatment in a "fast track" manner as 

opposed to the usual protocol. Safdar et al. (2016) 

reported a novel use of DEA to assess wait times in an 

outpatient department of a hospital without the need for 

an appointment. Hospital efficiency comparisons have 

been the primary application of DEA. In their paper, 

Saxena et al. (2021) offered a fresh perspective on 

medical consultation and pandemic research in relation to 

game theory.  

Considering the Wood et al. (2021) paper, which 

employed the M/G/c/∞/FIFO model, the application of 

queuing theory was adequate to describe the vaccination 

process in the United Kingdom. The Markov, exponential 

inter-arrival time distribution is represented by M; the 

number of servers is represented by G, infinite capacity is 

indicated by ∞ and the queue discipline is FIFO (first in, 

first out). The author of this study considered two distinct 

scenarios by adjusting the arrivals % to the vaccination 

centre. As a result, the queuing model demonstrates its 

suitability for improving the operations of the 

immunisation centres. The trade-offs between work-

sampling and time-and-motion models were 

demonstrated by Finkler et al. (1993). A fake set of work-

sampling data points was created using that data 
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collection. In an effort to lessen methodological 

variability within each sub-technique and to make future 

findings aggregation easier, Lopetegui et al. (2014) 

proposed a more detailed naming scheme for sub-

techniques inside continuous observation time motion 

investigations. 

In order to ensure effective allocation of various 

COVID-19 vaccines to individuals with varying degrees 

of vulnerability, Jahani et al. (2022) designed a queuing 

theory based model for a crisis-induced vaccine supply 

chain. Alekhya et al. (2022) tracked 196 recipients of the 

COVID-19 vaccine over the course of a month from the 

time they arrived at the immunisation facility until they 

departed. A stopwatch and a data collecting form were 

used to determine how long it took for each task related 

to the delivery of the COVID-19 vaccination. The time 

was reported as mean and median, and the M-W U-test 

was used to evaluate the times for the first and second 

dosages.  

Materials and methods 

Two separate queue networks are presented, one for 

GPV clinics and one for MV hubs, based on actual cases 

where COVID-19 vaccines have been administered in 

Australia using these various delivery methods. 3 

baseline models (low, medium, and high staffing 

availability) for each queuing networks are defined. 

Baseline daily throughput has been determined for each 

delivery method by calibrating the rendezvous agenda to 

maintain staff utilization and service times within 

acceptable bounds. Also investigated how the various 

queuing networks and personnel capacities responded to 

two possible system pressures. R software V4.0.3 and 

related packages were used for the analysis (R Core 

Team, 2020; Wickham et al., 2019). The queue computer 

software, which performs a computationally efficient 

technique up to three times quicker than traditional DES 

methods (Ebert et al., 2020), was used to simulate 

queuing models. 

Suggested queuing networks for the GP vaccination 

clinic and mass vaccination hub have different station 

layouts and assign different key responsibilities to 

different stations. One or more servers, or staff members, 

handle the responsibilities necessary for each step of the 

process. First-come, first-served policy dictates that 

patients are attended to by the next available server, who 

then moves on to the next station in the network. Figures 

1 and 2 give an overview of the two queuing networks, 

which are explained in greater depth below. The primary 

distinction is that the GP network assigns the required 

responsibilities to fewer stations, presumably with less 

workers and a smaller physical footprint. 

Two suggested designs are comparable to the 

"Separate" & "Combined", investigated by Wood et al. 

(2021) in this regard, with the combined design 

combining the vaccination and clinical assessment 

stations. Patients passed through five stations in the 

suggested queue network. The first four stations are 

designed as tandem queuing processes, where newcomers 

are served on FCFS basis. Patients do not have to wait for 

a staff member to become available at the observation 

station; instead, to mimic the capacity constraint of the 

observation area, patients are "served" by available seats 

in a queuing procedure. Due to the huge space 

Figure 1. Queue networks for MV hubs. 
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requirements of mass vaccination locations, the queue 

network also included a little walking distance between 

stations. It is imperative that vaccine doses be made in 

close proximity to the administration time, as any delays 

in this process would inevitably cause delays at the 

immunization stage. A parallel queue for preparation of 

vaccine is shown in Figure 1 and connects the patient 

queuing at the vaccination place. Depending on the 

vaccine being given, there will be differences in the 

precise stages involved in getting ready. Figure 2 shows 

the suggested queuing network for a nearby GP 

immunization clinic. Patients move through three 

different stations in this queue network: registration, 

vaccination, and observation. Patients must wait for the 

next staff to become available in order to proceed through 

the Registration and Vaccination places. 

As a result, these stations are designed to resemble 

queuing processes, where patients receiving care from the 

next staff on a FCFS basis. The observation station, like 

the mass vaccination concept, is depicted as a queuing 

procedure where patients are "served" by chairs that 

become accessible and where a separate queue designated 

for vaccine preparation merges at the vaccination place. 

The time required to move between stations in a general 

practitioner's office is assumed to be insignificant and 

excluded from the model due to the implicitly reduced 

venue size. 

Models parameterization  

Three inputs are required in order to model queue 

dynamics based on a specific queue network:  

• Accurately calculated service time for every 

station 

• Accurately calculated arrival time for every 

station  

• The quantity of employees, servers, or unfilled 

lines at each station.  

Establishing the service hours at each node was made 

easier by our experience working at a general 

practitioner's office and a mass immunization centre. 

Then arrival frequency will be adjusted to provide 

baseline models with analogous queue performance for 

all scenarios based on two criteria: staff utilization and 

median processing time. The Hospital would serve as a 

high-capacity MV hub, with observation area seats for up 

to 175 patients.  

 

Service times 

Service time distributions for every station must be 

specified by the user for both the models. The period of 

time spent at each node is sampled from the appropriate 

user-specified dist. for every patient in the simulation. As 

described in Table 1, the station service periods in the 

simulations given here were sampled from exponential 

distributions. The selection of exponential distributions 

corresponds to the hypothesis that the majority of patients 

process information reasonably quickly, while a small 

percentage of patients require more time. The observation 

station is an exception.  

In order to represent a low incidence of bad reactions, 

it was modelled as a bimodal dist., with normally dist. 

observation durations for a small random group of 

patients and normally dist. observation durations for the 

maximum number of patients who do not have an 

Figure 2. Queue networks for GP vaccination clinics. 
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unpleasant response. Set the probability of an unfavorable 

reaction to 2% in our simulations. Table 1 presents an 

overview of each station's exponential rate parameters, 

estimated minimum service times, and resulting service 

time distribution. Users can set service times using our 

web-based applet by selecting one of five parametric 

distributions: gamma, Weibull, normal, log-normal, and 

exponential. 

Arrival time 

Arrivals for an eight-hour clinic were produced using 

a set appointment mechanism for both queue networks. 

Appointment spaces for mass vaccination centers would 

be distributed every hour and anticipated that GP clinics 

would offer 10-minute appointment windows. Table 2 

summarizes the no. of appointments that are issued for 

each appointment slot in different scenarios. For each of 

the three different staff capacity scenarios, the no. of 

available engagements was adjusted so that the queue 

performance metrics for baseline models remained 

consistent and within acceptable bound. 

Specifically, the number of appointments was reduced 

to keep the staff utilisation rate below 0.8 at all stations 

and the median time under 1 hr. Based on the no. of 

appointments made for each appointment slot and some 

random noise, stochastic arrival times were produced. 

These arrival times reflected the hypothesis that most 

people turn up relatively early, while a smaller 

percentage arrive on or beyond their scheduled time. A 

tiny percentage of no-shows were also explained by 

simulated arrival times, which were set at 2% for both GP 

offices and mass immunisation sites. 

Staffing levels 

Models with different staffing availability were 

identified for each of the suggested queuing networks; the 

ranges for mass immunization locations were 21-63 

healthcare personnel, and for GP vaccination clinics were 

4-12 healthcare staff, shown in Table 3. Regardless of the 

overall staffing capacity, the staffing distribution among 

the queue network's stations was maintained constant. 

The related observation area capacity and personnel 

numbers provided above suggest the approximate sizes of 

different capacity vaccination centers and general 

practitioner clinics. For instance, the so-called low 

capacity hub employs 21 people in total, including five 

Table 1. Service time dist. (Assumed) for the MV hub & GP clinic. 

Station Function Percentiles in Min. 

MV hub  5% 25% 50% 75% 95% 

Vaccination Preparation 1 + e(λ = 3) 1 1.1 1.2 1.5 2 

Patient Entrance 2 + e(λ = 1) 2 2.3 2.7 3.2 4.8 

Patient Registration 3 + e(λ = 0.7) 3.1 3.4 4 5 7.3 

Patient Assessment 2 + e(λ = 1) 2.1 2.3 2.7 3.4 4.9 

Patient Vaccination 3 + e(λ = 1) 3.1 3.3 3.7 4.3 5.8 

Patient Observation N(μ =20, σ= 0.5) 19.8 19.9 20 20.1 20.2 

Adverse reaction 20 + e(λ = 0.1) 20.4 22.9 26.7 33 46.1 

GP Clinic  

Vaccination Preparation 1 + e(λ = 3) 1 1.1 1.2 1.4 1.9 

Patient Registration 3 + e(λ = 1) 3.1 3.3 3.7 4.3 5.9 

Patient Vaccination 5 + e(λ = 0.5) 5.1 5.6 6.3 7.7 11.2 

Patient Observation N(μ =20, σ= 0.5) 19.2 19.6 20 20.3 20.8 

Adverse reaction 20 + e(λ = 0.1) 20.4 22.6 26.6 33.3 48.7 

Table 2. Arrivals (Assumed) for the MV hub and GP clinic. 

Size Appointment 
interval (hr)    

No. of Appointments  
issued per interval 

MV hub  
L 1 60 
M 1 120 

H 1 180 
GP clinic   

L 1/6 2 

M 1/6 4 

H 1/6 6 
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vaccinators and 25 waiting room seats. A high-capacity 

hub employs sixty-three people, has fifteen vaccinators, 

and seventy-five chairs for waiting. The former would 

more closely resemble a neighbourhood community 

centre, while the latter would suggest a bigger facility 

with greater room, like a stadium or hospital, even if the 

model is agnostic regarding the physical environment. 

Queue performance 

To measure staff utilisation, processing time, and 

queue performance, we employ two measures. The whole 

time from the beginning to the end of the queue network, 

or more accurately, the total time from entry to exit, is the 

processing time, which is expressed in minutes here. The 

average percentage of employees who are caring for a 

patient during the simulation run is known as staff 

utilisation. A well-known characteristic of queuing 

models is that when worker utilisation rises above 80%, 

queue performance quickly deteriorates (Little, 1961).  

Result and Discussion 

According to our baseline models, 95% of patients 

were processed in the time of 67 min. or less, with an 

approximate median dispensation time of 52 minutes at 

MV clinics. 95% of patients visiting GP clinics had their 

cases completed in less than 37 minutes, with a projected 

median processing time of 32 minutes, as shown in 

Figure 3 & 4. Every station's employee’s utilization was 

kept below 80%. For these baseline simulations, it was 

intended that both queue performance indicators would 

remain constant throughout all different staffing 

capacities. For an 8-hour clinic at an MV hub, the 

corresponding expected daily throughput varied from 

approximately 500 vaccines for a low-capacity hub to 

1400 for a high-capacity hub. The projected daily 

throughput for general practitioner clinics varied, with 

low-capacity clinics producing approximately 100 

vaccines per day and high-capacity clinics producing 

Table 3. No. of Staff (Assumed) at station for different staffing availability. 

Capacity Capacity of 

Observation 

area 

No. of Staff 

 Vaccination 

Preparation 

Patient 

Entrance 

Patient 

Registration 

Patient 

Assessment 

Patient 

Vaccination 

Total 

MV hub 

L 25.0 2.0 4.0 6.0 4.0 5.0 21.0 

M 50.0 4.0 8.0 12.0 8.0 10.0 42.0 

H 75.0 6.0 12.0 18.0 12.0 15.0 63.0 

GP clinic 

L 5.0 1.0 - 1.0 - 2.0 4.0 

M 10.0 2.0 - 2.0 - 4.0 8.0 

H 15.0 3.0 - 3.0 - 6.0 12.0 

 
Figure 3.  Approximate processing times for MV hubs with different staffing capacity. 
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nearly 300, as shown in Figure 5 & 6. These findings 

demonstrate that the no. of daily vaccinations scaled 

linearly with additional healthcare staff, retaining 

constant queue performance metrics. 

There are clear benefits to using GP clinics and mass 

vaccination hubs as vaccine distribution methods and also 

demonstrated that mass immunization hubs are extra 

resilient to systemic stresses such as heightened arrivals 

and staff shortages. Concurrent, conflicting job 

responsibilities, which vary throughout the year and 

significantly rise during the winter, are more likely to 

affect smaller general practitioner clinics. GP clinics 

benefit from their current infrastructure and patient 

relationships. As seen by the carpark drive-through 

testing stations that numerous practices assisted in setting 

up during the COVID-19 epidemic, general practitioner 

clinics are also incredibly adaptable and can change to 

meet local conditions & unique requirements. 

 

Figure 4.  Approximate processing times for GP clinics with different staffing capacity. 

 

 

Figure 5.  Approximate daily throughput from 20 simulations for MV hubs 
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Figure 6. Approximate daily throughput from 20 

simulations for GP clinics. 

Conclusion 

By examining the relationships between staffing 

levels, arrival frequency, and service times on queue 

performance, stochastic queue networks (SQN) can be 

utilize to model immunization procedures and provide 

guidance for vaccine rollout. Distinct vaccine delivery 

methods offer varying advantages and difficulties. 

Although they require larger facilities and more people, 

mass vaccination centres have a higher daily throughput 

and are further adaptable to increasing arrivals and 

reduced staff readiness. Compared to mass vaccination 

hubs, GP clinics can provide immunizations at a rate per 

staff person that is comparable, but given current 

workloads, it could be challenging to maintain a high 

throughput. Optimizing the delivery of COVID-19 bulk 

vaccination and booster shots may be aided by a varied 

profile of vaccination locations that capitalizes on the 

advantages of both distribution methods. Also the 

realistic estimations of overall processing times and 

specified service times distributions with a decent face-

validity have been generated. In the future, this could be 

enhanced by conducting a time-use survey to collect 

empirical data on service times for each station, which 

would help inform the model's inputs, and overall 

processing time, which could be compared to the model's 

estimated processing time. In light of the urgency of 

future pandemic, further research utilizing the Queuing 

Theory paradigm in vaccination and other healthcare 

settings is desperately needed. For example, the scientific 

literature might greatly benefit from more intricate 

analyses that link the results of organizational decisions 

based on models of human and financial resources that 

are influenced by queuing theory. 
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