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Abstract: This paper provides an overview of modelling and simulation methods for complex systems, 
including queuing and life support systems. To realize and capture every aspect of a system or situation, a 
model is used in place of the actual one. Using a model and simulation, we may create scenarios and make 
decisions. Computer experiments with the model can save costs, time, and effort once its validity has been 
shown. A model of the thing under study is created by computer simulation, which then runs the model on a 
digital computer and examines the results. It's interesting to note that a knowledge base of data includes 
information about predicted behaviour of the model as well as coordinated determination of external variables 
and parameters. Selecting the precise model creation technique is the first and most difficult task in simulation. 
A review of techniques used in simulation model execution (serial and parallel discrete-event simulation), 
simulation model analysis (calibration, validation, verification, goal-seeking), and conceptual, declarative, 
functional, constraint, and multimodal design are presented in this paper. 
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I. INTRODUCTION  

Decision-makers and designers always use simulation [1] to assess the effectiveness of a system 
design and to obtain a better understanding of the anticipated performance of the actual system. Both 
the design of a new service system and the optimisation of an existing one depend heavily on the 
performance evaluation process. The performance of a service system can be evaluated at the level of 
discrete events. It can be used and imitated by developing or building a suitable, legal discrete event 
simulation mode. A model is an abstraction of the system that is made by making assumptions about 
how it works [2]. All the essential components of the system must be included.  The model is crucial 
for testing the system's functionality and the effects of each variable while it is still in the planning 
stage. Thus, we are motivated by realizations regarding various choices. Broadly speaking, Modelling 
and Simulation M-S describes how data is developed using models—such as emulators, prototypes, 
and stimulators—either statically or over time to support administrative or technical choices. 
"Simulation" and "modelling" are frequently used synonymously. 

II. MODELING AND SIMULATION AS AN EMERGING DISCIPLINE 

It is to be noted that both diversity and application-oriented [3-12] nature of this novel discipline 
often results in the challenge to come to a decision on practical needs by model and simulation it is 
necessary to interpret appropriately  them in model terms. Hence, it is not possible to resolve the 
problem of interpretation for matters reach in content of reality in model terms automatically. This is 
justifiably dividing the problem into two parts: 

• description of a knowledge base which is used also for model validation and verification,  

• choice of the model parameters by calibration and identification techniques. 

  

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 February 2024                   doi:10.20944/preprints202402.0261.v1

©  2024 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202402.0261.v1
http://creativecommons.org/licenses/by/4.0/


 2 

 

III. MODELING AND SIMULATION IN PHARMACY EDUCATION 

To build a truly immersive simulation in healthcare education, Virtual Patients (VPs) [13] with 
coupled interactive conversational abilities are essential. It has been demonstrated that the VP design 
case, which was informed by research on educational design, redirected the formative design 
approach to their VR design and continued to enhance it. Three fundamental phases of expert review 
(PER), human-centered distributed conversation modelling (HCM), and performance data analysis 
are among the highly precise refinement procedures used in this scenario. 

What's more intriguing is that HCM was used as a key strategy to get beyond the drawbacks of 
the conventional Centralized Conversational Modelling (CCM). Using the three created VPs for the 
Over the Counter (OTC) simulation for pharmacy, the three phases were explained and evaluation 
findings [13] (continuity error rates, unanswered question error rates, and total mistake rates) were 
shown. 

Following the research findings of [14], it  was shown that  both  suggested delivery and 
assessment were  adequate to asynchronous  and synchronous learning frameworks. 

.  

Figure 1. Synchronous-vs-asynchronous-learning (c.f., [15]). 

IV. METHODS IN SIMULATION MODELING 

A general framework for matching a real-world system to its model is called simulation 
modelling. To create models, a technique recommends a language type, or "terms and conditions". 
Currently, three approaches are available:  

• Dynamics of Systems [16–24] 

• Modelling discrete events [25–36]  

• Modelling using agents [37–44] 
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Figure 2. Simulation model as a decision support tool (c.f., [45]). 

The system being modelled, and the goal of the modelling play a major role in the method 
selection, however the modeler’s expertise frequently has the biggest impact. Look at Figure 2, where 
the modeler is choosing the best way to construct a store model. Depending on the nature of the issue, 
he might create an agent-based model in which consumers are agents impacted by advertisements, 
communication, and interactions with agents-employees; a process flowchart in which customers are 
entities and staff are resources; or a feedback structure in which sales are informed about 
advertisements, quality of service, pricing, customer loyalty, and other factors. 

A. System Dynamics 

A novel method for comprehending the temporal behaviour of complex systems is system 
dynamics. It addresses time delays and internal feedback loops that impact the system's overall 
behaviour. Because system dynamics makes use of feedback loops, stocks, and flows, it differs from 
previous methods for understanding complex systems. These components aid in explaining the 
perplexing nonlinearity that even seemingly straightforward systems exhibit.  

By capturing interactions followed by the feedback loops (see Figure 3), the structure of the 
underlying system is revealed by the causal loop diagram. Therefore, understanding the structure of 
a system implies the possibility   to ascertain the temporal behaviour of the system. More 
interestingly, the causal loop diagram of the new product introduction may be visualized as follows: 

 

Figure 3. Causal loop diagram of new product adoption model (c.f., [46]). 
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Two feedback loops are depicted in this figure. The positive reinforcement loop (labelled R) on 
the right shows how word-of-mouth can significantly influence how many people have already 
accepted a new product. This is because there will be more product references, demos, and reviews. 
Positive comments should therefore result in increasing sales. 

Referred to as "balancing" or negative reinforcement, the second feedback loop on the left is 
designated as B. Growth is obviously not sustainable, as fewer and fewer potential adopters exist for 
every adopter who is adopted. The two feedback loops operate concurrently, albeit at distinct times 
and possibly with varying intensities. As a result, one would anticipate rising sales in the first few 
years and falling sales in the following years. 

B. Discrete Event Modelling 

Any system functioning can be modelled as a discrete sequence of temporal events (time-
dependent events) using a discrete-event simulation (DES).Every event occurs at a precise moment 
in time to document a shift in the underlying system's condition. It should be noted that the 
simulation can instantly leap in time from one occurrence to the next. Another option to event-based 
simulation is process-based simulation, in which all system action is connected to a distinct process, 
which is usually simulated by a thread in the simulation program. 

It is widely agreed that the Three-Phase approach permits simulating parallelism, whilst 
keeping away from deadlock”. However, Three-Phase must scan through the schedule in search of 
bound activities, and then it becomes more slower because of scanning through all conditional 
activities. Having said that, Three-Phase is commonly used in distributed systems and databases [47]. 

 

Figure 4. Simulation packages applications (c.f., [47]). 

C. Scope of agent-based modelling and simulation paradigm ABMS 

Scope, or the domain in which an ABMS tool may be able to carry out modelling and simulation 
scenarios, is one of its most essential characteristics [48]. To simulate dynamic large-scale complex 
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systems and observe emergent behaviour, ABMS is becoming more and more popular in a variety of 
scientific fields, including ecology, climate change, economics, biology, agriculture, sociology, social 
sciences, route planning, and many other STEM (science, technology, engineering, and mathematics) 
fields [49,50,51]. One way to conceptualize complex systems is as collections of interacting agents or 
things. Agents can take the form of people, businesses, institutions, animals, or any other entity with 
the intention of achieving a particular objective. 

  

Figure 5. Applying ML in ABM for route planning; an agent intends to move from point 1 to 2 and 
determines the route based on prediction from Machine Learning, ML (c.f., [52]). 

It is well known that ABMs are specifically applied in the case of modelling complex phenomena, 
where active entities interact among themselves with certain inherent attributes to devise agency 
relationships, thereby facilitating automated reasoning [53]. This is because libraries and tools have 
been adopted to help scientists and professionals construct such models for a while. 

The primary goal is to build simulations of intricate systems that develop from several 
decentralized modules interacting as a collection of artefacts. The elements that exist in the 
environment and have a set of qualities that are subject to change over time are referred to as 
individual objects or agents. Agents in biological systems can take the form of independent, discrete 
spatial objects, such as cells, that can be part of a continuum or discrete arrangement [49]. 

Knowing a political or economic system in a social context involves more than just knowing the 
people that make up the system. Understanding how the people interact with one another and how 
the outcome can be more than the sum of its parts is also necessary [54]. 

The two main problem-solving strategies are demonstrated by systems or units that are studied 
using the ABMS concept, which is ideally matched to the social science objectives [55, 56]. In theory, 
ABMS tools help practitioners and scholars examine how a system's micro-level characteristics, 
limitations, and rules affect its macroscopic behaviour.   
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Figure 6. Architecture of ABM (c.f., [52]). 

V. simulation of a single server queueing model 

In the real world, single-server queues [57] are arguably the most common type of queue. In 
many contexts, such as commerce (e.g., sales clerks), industry (e.g., manufacturing lines), and 
transportation (e.g., queues), one comes across a line with a single server. Thus, it is very helpful to 
be able to simulate and analyze the activity of a single server queue. Since both arrivals and services 
are Poisson (or random) processes, the statistical distribution of both the inter-arrival times and the 
service times follows an exponential distribution. M/M/1 represents a single server with an infinite 
calling population and an unlimited queue capacity.  

Given the arrival rate and service rate, several straightforward correlations can be constructed 
for various performance indicators due to the exponential distribution's mathematical character. This 
is lucky since many queuing scenarios can be approximated by an M/M/1 queuing model. The 
(M/M/1) model is a simulation that was developed to mimic the behaviour of a single server queuing 
system with an infinite number of clients and FCFS queuing discipline. To see how each parameter 
affects the others, the necessary performance metrics will be approximated, and the inter-arrival and 
service times will be adjusted. Figure 7 depicted the model layout, and Figure 8 shows the transition 
diagram for it (using Markov representation).  

 

Figure 7. Single server queuing mode. 
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Figure 8. Transition Diagram for single server queuing model. 

A birth-death process can be used to simulate such a system, with each state denoting the total 
number of users. The system can exist in an infinite number of states, such as state 0 (no users), state 
1 (one user), state 2 (two users), etc., because it has an infinite queue and an infinite population. Since 
there is an endless population and there will never be a full queue, the mean arrival rate, or birth rate, 
or λ, remains constant across all states. The Mean service Rate is denoted by  𝜇 and 𝐸(𝑋) defines  
expected length of the line of customers in systems that have come and have been served. It is to be 
noted that the necessary condition for a queue to be stable is 𝜆 < 𝜇. Substantially, the strengthen 
condition for the stability of any underlying queueuing system is characterized by   1 >𝜌(server utilization) =  𝜆𝜇 > 0. 

After building the simulation model, programming and implementation, the following cases 
were evaluated to indicate the required parameters [59]: 

 

a: arrival rate distribution                         b: service rate distribution 
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c: mean waiting time                                          d: mean idle time 

Figure 9. A case study for single server model, λ = 0.5, μ = 0.6 (c.f., [59]) 

There is opportunity for debate and discussion over the reliability of the performance metrics 
thanks to the modelling and simulation technique. To what extent are they realistic? What is the 
extent of their confidence? Which extrapolation and interpretation fit the presumptive model? Should 
a different model have been employed? Under what circumstances is the network's ideal model? As 
a potent scientific tool, simulation is used in the service process to assess an appropriate model or 
gauge the impact of making modifications to an already-operated system.  

Theoretically, it is important to highlight that modelling and simulation techniques benefit 
decision makers, planners, and managers alike. This is because they can assist in making the best 
decisions regarding the system and in assessing the performance of each configuration based on the 
possibility of minimising costs by minimising idle time, waiting time, or both. Before attempting these 
models in real life to determine which scenario yields the best answer, computer simulation enables 
us to test these models virtually, altering each aspect every time and displaying all these 
consequences on the system.  

Our key conclusion is that, to describe the behaviour of the system and assess its effectiveness, 
all researchers should utilize the modelling approach. The results will closely resemble the measured 
values when the proper parameter values are used. Even in the worst scenario, when it yields 
inaccurate data, it aids in the creative knowledge of the system's behaviour and functionality. The 
fundamental performance modelling method used in the article can be used to hardware capacity 
studies, the process of assessing system performance, needs for data gathering, and a wide range of 
new service network design possibilities. 

Here comes another simulation approach. The 𝑀/𝑀/1 queue was imitated by Petri network 
simulator [60]. Both theoretical and simulated surveys for these queues have been undertaken. We 
have the following two cases: 

Case 1 - The Figure 10 visualizes a model of 𝑀/𝑀/1 queue simulation for population of 1000 
for   𝜆 = 0.1 , 𝜇 = 2 . The allocated simulation is 882.652 seconds. 
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Figure 10. Petri network for the M/M/1 queue - simulation for case 1(c.f., [60]) 

The following table provides theoretical and simulation for case 2 𝑀/𝑀/ 1 𝜆 𝜇 𝜌 

Theoretical 0.100 0.090 1.111 

Simulation 0.097 0.097 0.996 

Error % 3.491 7.704 10.395 

Following several undertaken simulations for the queue 𝑀/𝑀/1 by using the concept of Petri 
nets by comparing the values of 𝜆 , 𝜇 , similar values with a small error were obtained. The error does 
not exceed 15%. This confirms the accuracy of our research of the 𝑀/𝑀/1 queue. 

Comparing the time execution for different values of 𝜌, it is concluded that the increase of 𝜌 
impacts the time of execution of the simulation to be reduced. Observing case 2, for Petri network 
model corresponding to the 𝑀/𝑀/1  queueing system, the value 𝜌 = 1.11 > 1.  This value 
contradicts the stability requirement of the underlying 𝑀/𝑀/1  queueing system. Moreover, the 
value 𝜌 = 1.11 > 1    translates that the underlying queueuing system drifted away from the 
stability phase into the instability phase.  Based upon the theoretical results, the defined default 
values for the mean arrival rate, 𝜌 and the mean service rate, 𝜇, after performed simulation, we have 
reached the value 𝜌 < 1, which supports both validity and  accuracy of the proposed simulator.  

 

Figure 11. Petri network for the M/M/1 queue - simulation for case 2 (c.f., [60]). 
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VI. CONCLUSION AND PROSPECT 

Significant uses of modelling and simulation approaches for complex systems, like life support 
systems and queueing systems, are highlighted in the current review study. Because modelling and 
simulation have so many different applications, the search never ends. The challenge and the research 
race undoubtedly never end since they greatly encourage the exploration of additional novel findings 
that expand the boundaries of modelling and simulation's usefulness in the interpretation of 
challenging real-world issues. 
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