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Welcome

INTRODUCTION TO THE WORKSHOP 

Welcome to the 2018 Operational Research Society Simulation Workshop (SW18) 

This year the conference returns to Ettington Chase, near Stratford-upon-Avon, which we know provides 

an excellent standard of accommodation and conference facilities.  Following the success of SW16 we 

have again included an additional half day tutorial programme across a broad range of computer 

simulation topics.  This year includes some hot topics so make sure you get there early to secure your 

place!  We hope that these, combined with our keynotes, contributed papers and posters, will provide a 

stimulating programme. 

We have 23 contributed papers, 10 posters, 6 tutorials, 2 panel sessions and 2 keynote speakers on areas 

of simulation including simulation in automotive industry, healthcare and modelling methodology. 

We are delighted to welcome Professor John Fowler from Arizona State University and Professor Russell 

Cheng from the University of Southampton as our keynote speakers. John will be reflecting on his 

experience in simulation over the last 20 years. Russell will be discussing novel methodology for 

visualising simulation results.  

Breaking with tradition, this year we have two panel sessions. The first session will focus on stakeholder 

involvement in computer simulation, a topic that will no doubt generate plenty of lively debate.  The 

second panel will debate formal and informal approaches to simulation model development.  

This year sees the return of the poster plenary and competition to the conference.  In the plenary, each 

poster delegate is given 2 minutes in which to ‘sell’ their poster.   We wish our poster delegates the best

of luck.  Please take the time to discuss their work with them during the poster session in the refreshment 

break following the plenary. 

Following the workshop this year there will be a special SW18 issue of the Journal of Simulation (JoS).  

We invite SW18 authors from academic and practitioner backgrounds to extend their work and submit to 

the special issue.  JoS publishes an exciting range of papers with a focus on the practice and application of 

simulation. OR Society members have free access to JoS on-line (by logging on to www.theorsociety.com 

and entering their user name and password).  For those with institutional libraries, do remember to ask the 

library to subscribe to JoS.  

Our thanks once again to all the contributors, the sponsors (who have also provided an exhibition of 

simulation products and services), the stream organisers and the reviewers. We also thank those whose 

hard work has made SW18 possible, especially Mrs Hilary Wilkes (Administration), Dr Anastasia 

Anagnostou, Dr Duncan Robertson, Dr Rudabeh Meskarian, Dr Masoud Fakhimi (programme chairs) and 

Tom Boness (poster chair).  

Enjoy it! 

Christine Currie and Tom Monks 

Conference Chairs 
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ABSTRACT 

Simulation has changed considerably over the last three and a half decades and in this paper I will share some of my 

thoughts on how simulation has evolved during this time. I will touch on the changes in simulation software, 

simulation practice, simulation research and the reputation of simulation. I will comment on current trends and 

possible future directions.  

 

Keywords: Software, Practice, Research 
 

1 INTRODUCTION 

I was first introduced to simulation in the junior year of my Industrial Engineering undergraduate 

program at Texas A&M University. The introduction included a first simulation class and the opportunity 

to work on a simulation project with Professor Don T. Phillips. The project involved simulating an order 

picking and sorting system for Rubbermaid. I was immediately fascinated about this technique and have 

used simulation ever since, Over the last 35+ years, I have witnessed considerable changes in simulation 

software, simulation research, and the reputation of simulation. In this paper, I will share some of my 

thoughts on how simulation has evolved during this time and will comment on current trends and possible 

future directions 

2 SIMULATION SOFTWARE 

There have been many improvements in the software support of simulation since I was first introduced to 

the field. Pegden (2017) provides an excellent overview of “The Evolution of Simulation Languages” in 
his chapter of the recent book entitled Advances in Modeling and Simulation. The book was in celebration 

of the 50
th
 anniversary of the Winter Simulation Conference, a conference that has been instrumental in 

advancing the practice of simulation and simulation research over the past half century. C. Dennis Pegden 

was a developer or co-developer of several major simulation packages (SLAM, Siman/Cinema, Arena, 

Simio) and therefore provides an interesting perspective on how simulation software has evolved. 

Pegden (2017) begins by discussing the three primary world views employed by most simulation 

packages during the last 50 years: event orientation, process orientation, and object orientation. In the 

event orientation, the system state is changed as a series of instantaneous events that occur at discrete 

points in time. In the process orientation, system state changes are a result of movement of passive 

entities through the system via a series of process steps each of which occurs over a given time (possibly 

zero). In the object orientation, the physical components of the system are described by objects which 

have a state (generally described by attributes) and can have various actions associated with different 

mailto:john.fowler@asu.edu
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states of the object as well as with the states and messages of other objects. Pegden postulates that the 

event orientation provides the greatest flexibility in describing the system, but this comes at the cost of 

being somewhat difficult to use. The process orientation is easier to use, but with decreased flexibility in 

describing the system. The object orientation is “the easiest and most natural of all”, but provides even 
less flexibility. Software packages with each of the three world views have been around for more than 50 

years. Simscript (Markowitz et al., 1962) and GASP (Kiviat, 1963) used the event orientation, GSP 

(Tocher and Owen, 1960) and GPSS (Gordon, 1961) used the process orientation, and SIMULA 

(Nygaard, 1962) used the agent orientation. However, much work was done in the 70’s, 80’s, and 90’s on 
making the process orientation packages more flexible and easier to use and much work has been done 

this century in making the object orientation packages more flexible. 

 Pegden (2017) also discusses the increased use of agent-based modeling (ABM) over the last 20 

years and indicates this is most often done in the object orientation though it could be implemented in any 

of the three orientations. ABM is an intuitive way to model situations where there are complex 

interactions between players in a model (e.g. the spread of disease among members of a population), but 

often leads to fairly long run times.  

With the introduction of the Personal Computer (PC) came a strong focus by software vendors on 

developing animation capabilities. While animation has great value in helping to sell simulation results 

(and some value in debugging models, verification), I think the emphasis on animation stunted the growth 

of analysis capabilities in simulation software through the 90’s. During this time, few of the research 
results regarding the statistical aspects of simulation ended up in simulation software. This came at the 

same time much work was being done by the vendors to make building a model easier for a new user, but 

at the expense of adding complex logic (i.e. flexibility) to models by more sophisticated users. These 

combined to make it where most of the time of a project was spent on building the model rather than 

analyzing the system being studied. Fortunately things have gotten much better in this regard in the last 

10-15 years and the future looks even brighter with the use of cloud computing and applying analytics to 

data created by massive amounts of simulation (see Nelson, 2016). 

One of the most interesting and important recent developments in simulation has been the ability to 

model in multiple paradigms in the same model though this capability is not completely new. As Pegden 

points out, GASP IV (Pritsker, 1974) allowed the user to combine discrete and continuous frameworks in 

a single model. When the Simulation Language for Alternative Modeling (SLAM – Pegden and Pritsker, 

1979) added a network representation to GASP IV, the user could easily represent the logic of the 

physical system with SLAM network nodes and arcs, the control logic with discrete events written in 

FORTRAN, and environmental conditions with continuous models. For example, in the mid 1980’s I 
built a model of a General Mills plant where we had periodic events that ran a linear programming model 

to determine the production schedule for the next period, used network nodes and arcs to schedule the 

arrivals and departures of trucks and trains with eggs and flour, and difference equations to monitor the 

levels of eggs and flour in storage containers. Modern packages such as Anylogic allow the user to have a 

model that combines process, system dynamics, and agent-based constructs in the same model.  

3 SIMULATION RESEARCH 

In this section, I will focus mainly on simulation research that would commonly be considered analysis 

methodology. I do this because this is the portion of the research of which I most familiar. In the early 

days of simulation research, much of the emphasis was on the basic elements necessary to perform a 

simulation study. This included elements needed to build a simulation model and mimic the randomness 

found in the systems being studied. Three main elements were how to generate random numbers for 

various types of computers, how to transform the random numbers into valid samples from various 

statistical distributions, and goodness of fit testing to determine the appropriateness of known statistical 

distributions for representing the actual data from a real system. There was also work done on verification 

and validation of models and on how to analyze the output of a single simulation scenario for both 

terminating and non-terminating systems, how to analyze the output of multiple simulation scenarios for 
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both terminating and non-terminating systems, how to deal with initialization bias, variance reduction 

techniques, and how to rank the performance of multiple scenarios (i.e. ranking and selection).  

In recent years, some of these topics have received considerably less attention, others have remained 

as active research areas, and still other topics have emerged or have had increased activity. In particular, 

there seems to be considerably less work being done on random number and random deviate generation. 

Ranking and selection research continues to be an active research area. On the other hand, there is now a 

very strong research community focused on simulation-based optimization. As for future research efforts, 

Nelson (2016) speculates that simulation analytics and a renewed emphasis in parallel simulation will be 

topics that will be heavily investigated.  

 

4 REPUTATION OF SIMULATION 

In my introductory simulation class as an undergraduate Industrial Engineering student, I was taught that 

simulation was the “method of last resort”. I believe there were two main reasons that led to this view. 

The first was the fact that computing power was very limited with computing time only available on 

mainframes or mini-computers housed in computing centres. In my mind, this was a valid concern, 

particularly for the analyst/practitioner. In fact, we felt very fortunate when we were able to actually dial 

into a mainframe over a 300 baud modem telephone line. This limitation in computing power and 

availability led analysts to try to employ other modelling techniques such as queueing theory even though 

some of the assumptions of these other techniques were often not well supported, e.g. exponential service 

times.  

The second reason for this view of simulation as the “method of last resort” was not as valid. This 

was due to the fact that many in the research community (at least in the Industrial Engineering and 

Operations Research communities) did not view simulation as academically interesting with the possible 

exception of the statistical aspects. I believe this is due in great part to the thinking by some academics 

that the level of sophisticated mathematics involved in a technique is highly correlated with the quality of 

the research. This is clearly evident in many of our most highly ranked journals where it is easier to 

publish a paper that assumes away many important parts of a problem in order to get a provably optimal 

result than it is to publish a paper that has a detailed simulation model used as the evaluation mechanism 

for a well-designed experiment that demonstrates (rather than proves) how to get a very good solution. I 

have some hope that this attitude is changing as I have recently seen some of the top journals become 

more open to simulation based research, particularly when some of the new simulation-based 

optimization techniques are employed.  
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ABSTRACT 

Discrete event simulation (DES) is an area of operational research that has seen wide application and success. The 

results of a DES study, typically numerical, can be extensive, making their effective presentation problematic. This 

talk will look at visual methods of presentation, arguing that this is in accord with the growing area of data-driven 

studies. If used effectively, such a presentation can become an analytical tool in its own right, enabling conclusions 

to be drawn without the need for complicated technical statistical analysis. 

 

 

Keywords: Parametric bootstrapping, scatterplots, Nelder-Mead optimization, simulation output analysis 
 

1 INTRODUCTION 

In the terminology of discrete event simulation (DES), presentation of simulation results falls mainly 

under the remit of what is known as ‘output analysis’. American colleagues undertaking a review of 

output analysis to be published in the 2017 Winter Simulation Conference Proceedings, Alexopoulos and 

Kelton (2017), wrestled with over a thousand papers they thought worth mentioning. I myself carried out 

a review of the closely related area of input modelling for the same Proceedings. I thought initially this 

would be a simple and straightforward task, but was staggered by how the topic has burgeoned over the 

years.  

 A really thorough review of just the methodology of analysing discrete event simulation output would 

be a monumental exercise that I suspect is well beyond the capabilities of a single person. I am reminded 

of a story that my father, an academic sinologist and anthropologist, mentioned to me of a distant emperor 

who commissioned a team of experts to produce an encyclopedia of Chinese knowledge. They started 

with the letter ‘一’, that is the numeral ‘one’ in Chinese, but abandoned the entire project after some years 

when they found they had not still not progressed past this one character. 

 My main concern therefore is not to over-reach myself, and to avoid this I am adopting the personally 

high-comfort strategy in this paper of only describing things drawn from the narrow confines of what I 

have taught, mainly at postgraduate level over the years. I shall focus only on basic didactic points, 

illustrating these with simple examples, drawn mainly from tried and trusted examples that I have used in 

my own taught courses but also from consultancy projects. 

 This article is organised in a slightly different way compared with how I gave the taught courses. The 

article is in two parts, the written part here and the talk itself to be given in the workshop. 

 The written version here serves simply as a brief guide to the actual talk itself. To make the written 

part here as accessible as possible, I have suppressed practically all mathematical details that might have 
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been included. What mathematical details are needed will be given in the talk itself, but even there 

mathematical details will be kept minimal as far as possible. 

 Also my main intention is to demonstrate the value of presenting results visually. This lies at the heart 

of the article overall, but particularly of the talk. So as not to pre-empt this, the written part here therefore 

does not contain anything visual, but simply prepares the ground for what will be covered in the talk. 

 The examples to be given in the talk are quite elementary, so I am not able to encompass big-data 

aspects, though the example discussing linear models certainly has big-data application possibilities. 

Using only simple examples in the talk does have the advantage of allowing basic issues to be highlighted 

which underpin any output analysis whether they arise in a small problem or a large one. All problems 

discussed here and in the talk are available online in the form of the course notes and also Excel 

workbooks which contain full implementations of both the calculations and the visual chart constructions.  

The notes are in fact those used in the NATCOR Course on Simulation available online via a link in 

http://www.personal.soton.ac.uk/rchc/, accessed 23 Sept 2017. These cover that part of the course 

describing the statistical aspects of designing, running and analyzing DES experiments. These aspects are 

the parts that I, and more recently also Dr Christine Currie, have been responsible for teaching in the 

Course. 

I should mention that several of the examples discussed here are also considered in Cheng (2017). 

However this reference has the rather different aim of examining how non-standard behaviour can occur 

in statistical estimation in general. That said, the fundamentals are the same, whether in the more general 

area of statistical estimation, or in the more narrow area of model fitting in simulation discussed here. So 

the resampling methodology used in this presentation is just as useful in the wider context described in 

Cheng (2017), with a much broader range of statistical problems covered by this methodology than what 

we discuss here. 

2 OUTPUT ANALYSIS 

The main issue dominating all forms of output analysis is that of statistical uncertainty. This arises in all 

DES studies and I shall therefore take the view that the main aim of such a study is to try to understand 

the effect and consequences of statistical uncertainty on the behavior of the system of interest. 

To focus on the statistical uncertainty it is useful to regard the output of a simulation run or 

experiment as being specifically the output of a statistical model of the system under study. It is helpful to 

be even more explicit by assuming a parametric statistical model, and this is what I shall do. 

A simple example of a statistical model is the M/M/1 queue. Here the assumption is that customers 

arrive randomly one at a time and queue in order of arrival in front of a single server who serves the 

customers first-come-first-served. In the M/M/1 case, the first M indicates that the customer interarrival 

times are assumed independently and exponentially distributed. The interarrival times are therefore 

observed values of the parametric distribution with probability density function 

 � �| = exp − � ,   � > 0, 
 

where  is the arrival rate parameter, assumed unknown which will have to be estimated, say from real 

data. Thus � �|  is an input parameter model of the M/M/1 queue. As indicated by the second M in the 

notation M/M/1, the service times are likewise assumed independently and exponentially distributed, only 

this time with values drawn from the distribution with probability density function 

 

        � �| = exp − � ,   � > 0, 
 

where  is the service rate parameter. Like , the parameter  might also have to be estimated from real 

data, but alternatively might be directly controllable by the user, so it is treated differently from . 
Whatever the case � �|  can be viewed as another input parameter model of the overall queueing model 

M/M/1. 
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 The time spent by customers in the system is typically the output of interest. Note that even in this 

elementary example, the output of interest is already a surprisingly complicated random variable in its 

own right. 

We can immediately distinguish two forms of statistical uncertainty. Firstly, there is model 

uncertainty, as to whether the assumptions about the chosen statistical model are correct. In our M/M/1 

queue example interarrivals may well be exponentially distributed, but assuming that service times are 

exponentially distributed is unlikely to be true. Using the model M/G/1, where the service times have a 

general distribution, denoted by the letter G, is usually much more realistic. Perhaps the model should 

even be G/G/1. Secondly, even if M/M/1 is the correct model, its output will be subject to simulation 

uncertainty arising from the randomness inserted by the user into simulation runs to represent the random 

behaviour of the system arising from the random arrival times and service times. Both of forms of 

uncertainty occur in the examples.  

Use of a parametric model is a very effective way to handle statistical uncertainty. The statistical 

model is formulated so as to depend on certain parameters where, once the values of these parameters are 

known, the model is completely specified. However our assumption is that the parameter values are not 

known initially. Output analysis then involves two steps: (i) estimation of the parameters and (ii) 

assessment of the accuracy of the output of interest taking into account the statistical uncertainty in the 

values of the estimated parameters. 

Step (i) is the only point where any sort of mathematics is required. This is because we shall use the 

method of maximum likelihood (ML) to estimate parameters. This is indubitably the most powerful 

general method of estimation available. In my consultancy work I always turn to it first, using a general 

purpose numerical implementation based on the search optimization method proposed by Nelder and 

Mead (1965) of the likelihood. In the past Nelder-Mead method was frowned on by purists, because it is 

underpinned by very little theory, and it fails in certain apparently simple examples casting it in poor 

light. However, in practise Nelder-Mead is actually very robust and, as pointed out by a referee, now it 

seems to have had a bit of a renaissance, with implementations in Matlab and Python now available. 

Moreover it is easy to implement, and, because it is very intuitive in the way it works, it is easily modified 

to handle complications like constraints on the parameters. When applied in practice, its progress can be 

easily tracked to see if it is working properly or not. I know several distinguished OR academics who use 

Nelder-Mead in practice, without fanfare. 

Step (ii), where we assess the accuracy of estimators, can in principle be handled using ML as the 

method is underpinned by a very complete asymptotic theory setting out the behaviour of ML estimators. 

However asymptotic theory can become rather technical, particularly when the problem is 

multidimensional.. 

Step (ii), the assessment of the accuracy of estimators, can be handled in a completely different way 

by using numerical resampling. This is our approach here in this paper and in the presentation. 

3 PARAMETRIC RESAMPLING 

Apart from estimation of parameters our main method of output analysis uses parametric resampling, 

also called parametric bootstrapping. 

 If the reader is willing to accept that parametric models, together with estimation of parameters, is a 

good approach to simulation output analysis, then the portal is open to the golden thread of parametric 

bootstrapping for doing this. 

 The bootstrap approach is so simple that less experienced practitioners, including simulationists, are 

incredulous, wondering if it actually works. In fact there is overwhelming practical evidence, backed by 

well-established theory, that it works extremely well; see Chernick (2008), who lists something like three 

thousand selected references covering theory and practice. 

 My view is that parametric bootstrapping should really be the method of choice in analysing 

simulation output. The method is described in detail in Cheng (2017, Chapter 4) as well as in the 

NATCOR notes. 
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 It is worth reiterating why bootstrapping is so attractive. 

 An important point to note is that bootstrapping does not improve the accuracy of estimators but 

simply provides a natural way of estimating the accuracy of estimators. It works as follows. 

 For simplicity, suppose the simulation experiment is made up of m independent runs, producing a 

random sample of outputs, Y1, Y2,…, Ym, from which is calculated W the actual response of interest so that 

we can write W as W(Y) where we have written Y = (Y1, Y2,…, Ym), to show the dependence of W on the 

Yi. If an explicit example would help, think of W = (Y1 + Y2 +…+ Ym)/m, the average of the Yi’s, so that 
we would be interested in E(W) the mean value of W. Now W itself estimates E(W), but how accurate is 

this? Much of mathematical statistics is essentially concerned with this question, with answers that can be 

mathematically intricate and complex depending on the form taken by W. Usually only asymptotic results 

are available. 

 The accuracy of W as an estimator of E(W) is easily answered if we could find the distribution of W 

or equivalently FW, its cumulated distribution function (CDF). This is easily obtained if we were not 

constrained to running the simulation experiment just once, but could run the experiment a large number 

of times, B say. This would give B output values W
(i)

, i = 1, 2, …, B, each calculated from its own sample 

Y
(i)

 so that W
(i)

 = W(Y
(i)

), i = 1, 2, …, B. The fundamental theorem of sampling (the Glivenko-Cantelli 

lemma) then says that as B becomes large, the empirical distribution function (EDF) of the {W
(i)

, i =1,2, 

…, B} tends to the CDF FW, almost surely (in the technical sense), which is exactly what we want. 

 The problem is that running the experiment a large number of times to generate the samples Y
(i)

, i  = 

1, 2, …, B, is usually too time consuming. Parametric bootstrapping is a way of mimicking the generation 

of the Y
(i)

, i = 1, 2, …, B, by sampling from a parametric estimate of the distribution of the Yi.  Doing this 

enables samples Y
*(i)

 each distributed like the original Y sample to be produced, but much more quickly. 

These parametrically generated samples are called bootstrap samples with the asterisk indicating a 

bootstrap quantity. 

Of course the simulation experiment itself can produce ‘real’, Y(i)
, i  = 1, 2, …, B, so to speak, so that 

if the simulation experiment can be run easily and quickly there would be no need for bootstrapping. 

Moreover replication of the actual experiments yields outputs W
(i)

, i  = 1, 2, …, B, all of which can be 

used in the estimation of E(W) giving increased accuracy as B is increased. 

When bootstrapping is used, the bootstrap W*
(i)

,  i  = 1, 2, …, B, cannot be used to improve the 

accuracy of the estimate of the E(W). However, and this is absolutely the key point of bootstrapping, they 

are sufficiently accurate to provide a highly practical estimate of the overall distribution of W. 

4 USES OF PARAMETRIC BOOTSTRAPPING 

The talk will show how parametric bootstrapping can be used to analyze a number of typical problems 

that occur in output analysis. We highlight in these examples how parametric bootstrapping allows the 

results of model fitting to be presented graphically.  

 Our visual presentations revolve round the basic premise already explained that we are interested in 

examining the behaviour of some response of interest W. This is a random variable so that its defining 

property is its distribution. Charting its cumulative distribution and its frequency histogram are therefore 

fundamental in the analysis of the behaviour of W. 

 A simple additional visual tool is the scatterplot and this is particularly useful in presenting bootstrap 

results. 

 Where the context makes it meaningful we might inject a soupçon of what the pre-eminent late 

19
th
/early 20

th
 century pure mathematician, G. H. Hardy, might have called ‘gas’ to the presentation of 

results by adding a dynamic visual element to them. 

The examples to be given in the talk are all drawn from examples that I have used in taught courses or 

in consultancy work, but with the focus in the talk of emphasizing how parametric resampling allows one 

to circumvent the need of complicated statistical formulas in presenting results. 
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4.1 Nelder-Mead Optimization 

This is just an introductory bagatelle, demonstrating use of charting and dynamic updating to illustrate the 

Nelder-Mead search optimization method in action.  

4.2 Severn Bridge Toll Booths 

This is an example that I have used as a staple for introducing parametric bootstrapping in the calculation 

of confidence intervals and confidence bands for regression functions, and for comparing the results with 

those obtained by traditional asymptotic theoretical formulas. 

 The example draws on the very successful traffic studies on the old Severn Road Bridge carried out 

by two former colleagues in the University of Wales Institute of Science and Technology (UWIST) back 

in the 1980’s and reported by them in Griffiths and Williams (1984). In their paper the models 

M/M/c/∞/FIFO and M/D/c/∞/FIFO were fitted to data and quantities like the mean waiting time, W(x, θ), 

were examined where x, the vehicle arrival rate, is allowed to vary over a suitable range of practical 

interest, and θ is a vector of the queueing parameters on which W depends. 

 In our example we use a small, but actual, data set of vehicle service times obtained by Griffiths and 

Williams, but where we fit a different model, M/G/1/∞/FIFO, to it. In our example we consider the case 

where the service time G is gamma distributed with shape parameter α and scale parameter β. 

 In the talk we shall show how the variability in the estimates of α and β can be gauged from bootstrap 

scatterplots and how these can be used to estimate W(x, α, β) and moreover to calculate a confidence band 

within which the entire W(x, α, β) curve will lie with given confidence level. 

The example is discussed in Cheng (2008), but is most easily accessed online using the NATCOR 

2017 link given in http://www.personal.soton.ac.uk/rchc/, accessed 23 Sept 2017. 

4.3 Blue versus Red Battle 

This example is based on work done for the MoD looking at simulation models of Blue versus Red 

battles. The models, which are coded in ‘C’ but controlled from Excel, can be run sufficiently fast to 

allow the risks of strategies adopted by the two sides to be assessed using real-time sampling without 

having to resort to bootstrapping. 

 Presenting the results using simple frequency histograms gives a direct presentation of the results that 

is readily understood without mathematical analysis, opening the possibility of its use as a real-time tool 

under battle field conditions. 

An explicit example is discussed in Cheng and Moffat (2012) and it is a dynamic version of this 

example that will be demonstrated in detail in the talk. 

4.4 Large Linear Models 

There are many situations where there is a response Y that is of interest which may depend on a large 

number of explanatory variables, or factors, Xj, j = 1,2,…, p but it is not clear which of these factors are 

important in explaining the behaviour of Y. Typically one might have n observations: (Yi, Xi1, Xi2,…,Xip), i 

= 1, 2, ,…, n. 

 A very useful initial exploratory analysis is to assume the dependence can be explained by the linear 

statistical model 
 

niXXXY iippiii ,...,2,1  ,...2211   , 

 

where the coefficients βj,  j = 1, 2,…, p have values that are unknown which therefore have to be 

estimated from the observations; the εi are random errors typically assumed to be normally, N(0, σ 

2
), 

distributed. 
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 This is a ubiquitous model that is useful in very many different practical application areas, because in 

principle it is easy to fit to data, see Wu and Hamada (2000) for example. However there are 

complications when p, the number of explanatory variables, is large and the experimental design, which is 

determined by the values of the Xij, is not orthogonal. The difficulty is that each different combination of 

the explanatory variables corresponds to a distinct model, so that the number of different models is the 

number of possible distinct combinations of the explanatory variables. This number is 2
p
, so that it is 

exponentially large when p is large. When the experimental design is not orthogonal any systematic way 

for fitting all the models to see which one is the best would very expensive to carry out, as an exhaustive 

search is needed with a total computational effort that is the order of 2
p
. 

 We shall describe a method given in Cheng (2008) that uses parametric bootstrapping which allows a 

set of promising models to be readily identified, with some guarantee that the set will only comprise just a 

small fraction of the total number of possible models, but will nevertheless contain one or more models 

that are a competitively good fit. 

 The method was illustrated by Cheng (2009) using a financial bank data example originally given by 

Makridakis et al. (1998) where p = 18 so that there are in principal 2
18

 = 262,144 possible models to be 

compared. Not too massive, but not computationally insignificant. 

 Another example is given in Cheng (2017). This example was first described by Wei et al. (2014) 

who analyse how surface free energy of asphalt binders depends on the chemical composition of the 

binder. In the two versions discussed by Cheng (2017), p = 13 and p = 17, so that in the latter case there 

are 2
17

 = 131,072 possible models. 

The bootstrap method and its use in the analysis of one of these examples will be demonstrated in the 

talk, again emphasizing the visual aspects of reporting the results. 

5 COMMENTS 

The selected examples are representative of what can be done. Lack of space and time means that some 

important types of output analysis have been omitted or at least rather glossed over in this paper.   

 Goodness-of-fit is an aspect where parametric bootstrapping is particularly effective. This will be 

examined, but only in the talk version of the Severn Bridge Example, and then only briefly. A fuller 

discussion is given in Cheng (2006) and in Cheng (2015). 

 Another aspect is the comparison of the performance of different systems. Classic methods like that 

given by Welch (1938) can be used. A clear account of this traditional approach is given by Law (2007, 

Sections 10.2.2 and 10.3.1), with application to an example comparing five inventory policies. 

 This example can be treated using parametric bootstrapping. We do not have space to describe this 

example in this paper, but it does appear as an example in the NATCOR Simulation Course, and is 

available online via the NATCOR 2017 link in http://www.personal.soton.ac.uk/rchc/, accessed 23 Sept 

2017. 

 There is one final general comment worth making. Parametric bootstrapping allows the distribution of 

any reasonably well-behaved statistic of interest to be analysed. There is no strong constraint in principle 

as to how the statistic is defined. Basically parametric bootstrapping can be applied to any a reasonably 

well-behaved, typically smoothly changing, function of the estimated parameters. In fact discontinuous 

behaviour, see Cheng (2017, Chapter 11) can be handled using parametric bootstrapping if the 

discontinuity is appropriately parametrized. 

 Thus if a practitioner is confronted with a problem that cannot be analysed by existing statistical 

measures, she/he can instead construct her/his own statistical measures whose performance can be gauged 

using parametric bootstrapping, without the need to examine the distributional properties of the statistics 

theoretically. 

 Such an example is discussed in Cheng (2017, Section 4.6) who analyses the lack-of-fit of a fitted 

regression function using a simple measure of the difference between the fitted regression line and the 

scatterplot of the observations (xi, yi), i = 1,2,…,n. The advantage of the parametric bootstrapping 
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approach is that the lack-of-fit can be assessed without the need for replicated observations, normally a 

requirement (see Ritz and Streibig, 2008, Section 5.2.3) before such an analysis to be made.  
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ABSTRACT 

This tutorial paper introduces the two main building blocks of a discrete-event simulation: modelling 

the progression of time and modelling variability.  The three-phase method, which is used by a 

number of simulation software packages, is described, and there is a brief introduction to other 

methods for modelling the progression of time.  The use of random numbers and random sampling for 

modelling variability is also outlined. 
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1 INTRODUCTION 

Discrete-event simulation is a widely used simulation approach that models queuing systems.  A 

system is represented as entities flowing from one activity (effectively a time delay) to another.  

Activities are separated by queues.  The queues result when entities arrive at a faster rate than they 

can be processed by the next activity.  Modelling variability in, for instance, entity arrivals and 

activity times, is central to most discrete-event simulation models.  Because the simulation is 

representing multiple activities that are interconnected, the variability leads to a level of complexity 

that requires a simulation to predict the performance of the system. 

In most cases discrete-event simulation models are developed using specialist software and they 

are not programmed from scratch.  Such is the power of modern simulation software that it is rarely 

necessary to resort to a programming language.  One danger of using packaged software, however, is 

that the user has little understanding of the principles of the underlying technique.  Whereas much of 

the software we use (for instance, spreadsheets) simply automate everyday tasks and help to perform 

them on a larger scale, simulation is not a day-to-day activity.  Therefore, this danger is even greater. 

In this tutorial the principles of the discrete-event simulation technique are explained to give an 

understanding of what is inside simulation software.  In short, the software involves two key 

elements: modelling the progress of time and modelling variability.  The first is present in all dynamic 

simulations, the second is present in the majority.  Indeed, these two elements enable a simulation to 

model the variability (directly), interconnectedness and complexity (by modelling the progress of 

time) in a system.  Modelling the progress of time is described first, followed by a discussion on 

modelling variability. 

2 MODELLING THE PROGRESS OF TIME 

There are a number of means for modelling the progress of time.  Two specific approaches are 

described here.  The time-slicing method is described first since it is useful for understanding the 

basics of the simulation approach.  The discrete-event simulation approach is then described.  In both 

cases ‘hand’ simulations are used to demonstrate the methods.   

2.1 The Time-Slicing Approach 

The simplest method for modelling the progress of time is the time-slicing approach in which a 

constant time-step (t) is adopted.  This is best explained with an example.  In a telephone call centre, 
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calls arrive every 3 minutes and are passed to one of two operators who take 5 minutes to deal with 

the customer (figure 1).  It is assumed for now that there is no variation in the inter-arrival time (time 

between calls arriving) and the service time. 

 

Figure 1  Time-Slicing Approach: Simple Telephone Call Centre Simulation 

 

Table 1 shows 24 minutes of simulation of the call centre with t set to one minute.  Column two 

shows the time remaining until a call arrives.  Columns three and four show the time remaining until a 

customer service is complete.  The number of calls completed by each operator is calculated. 

 

Table 1  Time-Slicing Approach: Simple Telephone Call Centre Simulation 

 

Time  

(t) 

Call arrival  

Operator 1 

 

Operator 2 

0 3   

1 2   

2 1   

3 3 5  

4 2 4  

5 1 3  

6 3 2 5 

7 2 1 4 

8 1  3 

9 3 5 2 

10 2 4 1 

11 1 3  

12 3 2 5 

13 2 1 4 

14 1  3 

15 3 5 2 

16 2 4 1 

17 1 3  

18 3 2 5 

19 2 1 4 

20 1  3 

21 3 5 2 

22 2 4 1 

23 1 3  

24 3 2 5 

Completed 

calls 

  

3 

 

3 

 

Operator 1

Customer

arrivals

Time: 5 mins

Operator 2

Time: 3 mins

Time: 5 mins
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It is relatively simple to set-up a time-slicing simulation for this situation.  The same approach 

could be used for more complex situations, although the table would soon become very large and 

possibly unmanageable by hand.  By devising a flow chart outlining the sequence of activities it 

would be possible to develop a computer program to perform the simulation, making larger scale 

simulations possible.  The time-slicing approach can also be modelled easily in a spreadsheet. 

There are two main problems with the time-slicing approach.  First, it is very inefficient.  During 

many of the time-steps there is no change in the system-state and as a result many computations are 

unnecessary.  In table 1 the only points of interest are when a call arrives, when an operator takes a 

call and when an operator completes a call.  In total there are 22 such points as opposed to the 72 (24 

time periods x 3 columns) calculations performed in table 1.  This problem is only likely to be 

exacerbated the larger the simulation becomes.   

A second problem is determining the value of t.  Albeit that a one minute time step seems 

obvious for the example above, in most simulations the duration of activities cannot be counted in 

whole numbers.  Also, there is often a wide variation in activity times within a model from possibly 

seconds (or less) through to hours, days, weeks or more.  The discrete-event simulation approach 

addresses both of these issues. 

2.2 The Discrete-Event Simulation Approach (Three-Phase Method) 

In discrete-event simulation only the points in time at which the state of the system changes are 

represented.  In other words the system is modelled as a series of events, that is, instants in time when 

a state-change occurs.  Examples of events are a customer arrives, a customer starts receiving service 

and a machine is repaired.  Each of these occurs at an instant in time.  To illustrate this point, the call 

centre simulation is summarised as a discrete-event simulation in table 2 which lists the 22 events that 

occur in the 24 minutes of simulation. 

Table 2 has been created by simply identifying the events in table 1.  This obviously requires a 

time-slicing simulation to be carried out first.  It is normal, however, to perform the discrete-event 

simulation directly.  A number of mechanisms have been proposed for carrying out discrete-event 

simulation, among them are the event scheduling, activity scanning, process-based and three-phase 

approaches.  In order to develop an understanding of discrete-event simulation, the three-phase 

method (Tocher, 1963) is described here.  This approach is used by a number of commercial 

simulation software packages; although from the software user’s perspective the specifics of the 
underlying simulation method are generally hidden.   There is a brief overview of the other three 

approaches to discrete-event simulation in section 2.3.   

 

Table 2  Discrete-Event Simulation Approach: Simple Telephone Call Centre Simulation 
 

Time Event 

3 Customer arrives, Operator 1 starts service 

6 Customer arrives, Operator 2 starts service 

8 Operator 1 complete service 

9 Customer arrives, Operator 1 starts service 

11 Operator 2 complete service 

12 Customer arrives, Operator 2 starts service 

14 Operator 1 complete service 

15 Customer arrives, Operator 1 starts service 

17 Operator 2 complete service 

18 Customer arrives, Operator 2 starts service 

20 Operator 1 complete service 

21 Customer arrives, Operator 1 starts service 

23 Operator 2 complete service 

24 Customer arrives, Operator 2 starts service 

The Three-Phase Simulation Approach 
In the three-phase simulation approach events are classified into two types: 
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 B (bound or booked) events: these are state changes that are scheduled to occur at a point in 

time.  For instance, the call arrivals in the call centre model occur every three minutes.  Once 

a call has been taken by an operator, it can be scheduled to finish five minutes later.  This 

principle applies even when there is variability in the model, by predicting in advance how 

long a particular activity will take.  In general B-events relate to arrivals or the completion of 

an activity. 

 C (conditional) events: these are state changes that are dependent on the conditions in the 

model.  For instance, an operator can only start serving a customer if there is a customer 

waiting to be served and the operator is not busy.  In general C-events relate to the start of 

some activity. 

In order to demonstrate the three-phase approach a slightly more complex call centre example is 

now introduced (figure 2).  Two types of customer (X, Y) make calls to the centre.  Calls arrive from 

a customer type X every 5 minutes and from a customer type Y every 10 minutes.  Arriving calls are 

placed in a queue (denoted by a circle) before the call router (a touch tone menu system) directs the 

call to the right operator; an activity that takes 1 minute.  There are two operators, the first takes all 

customer X calls, the second all customer Y calls.  Operator 1 takes exactly 4 minutes to deal with a 

call and operator 2 exactly 7 minutes. 

 

Figure 2  Discrete-Event Simulation Approach: Telephone Call Centre Simulation 

 

Table 3  Telephone Call Centre Simulation: B-Events 
 

 

Event 

 

Type 

 

Change in state 

Future events to 

schedule 

B1 Arrival Customer X arrives and enters router queue B1 

B2 Arrival Customer Y arrives and enters router queue B2 

B3 Finish activity Router completes work and outputs X to operator 1 

queue, Y to operator 2 queue 

 

B4 Finish activity Operator 1 completes work and outputs to world 

(increment result work complete X by 1) 

 

B5 Finish activity Operator 2 completes work and outputs to world 

(increment result work complete Y by 1) 

 

 

As a first step all of the B and C events for the system need to be defined.  These are shown in 

tables 3 and 4 respectively.   Note the column that specifies which events are to be scheduled 

following an event, for instance, the arrival of a customer type X leads to the next arrival being 

scheduled (event B1).  Since each C-event represents the start of an activity, they schedule the B-

event that represents the completion of that activity.  For events B4 and B5 the calls are output to the 

‘world’.  This term means that the calls are passed out of the model.  Also note that for event B4 and 

Call

router

Operator 1Customer X

arrivals

Time: 10 mins

Time: 7 mins

Time: 1 min

Operator 2

Customer Y

arrivals

Time: 5 mins Time: 4 minsX

Y
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B5 statistics are collected on the number of customers served.  For each C-event the conditions for it 

to be executed are specified.   

 

Table 4  Telephone Call Centre Simulation: C-Events 

 

 

Event 

 

Type 

 

Condition 

 

Change in state 

Future 

events to 

schedule 

C1 Start activity Call in router queue and 

router is idle 

Router takes call from router 

queue and starts work 

B3 

C2 Start activity Call is in operator 1 queue 

and operator 1 is idle 

Operator 1 takes call from 

operator 1 queue and starts work 

B4 

C3 Start activity Call is in operator 2 queue 

and operator 1 is idle 

Operator 2 takes call from 

operator 2 queue and starts work 

B5 

 

Having identified all the events, the system can be simulated.  Figure 3 outlines the three-phase 

approach.  At the start of the simulation the initial state of the model is determined.  This may involve 

placing work-in-progress in the model in order to create a realistic initial condition.  The initial B-

events are also scheduled, for instance, the arrival of the first customers.  Scheduled events are placed 

into an event list that keeps a record of all future events that have been scheduled.  The simulation 

then moves into three phases that are continuously repeated. 

In the A-phase, which is also known as the simulation executive, the time of the next event is 

determined by inspecting the event list.  The simulation clock is then advanced to the time of the next 

event.  In the B-phase all B-events due at the clock time are executed.  In the C-phase all C-events are 

attempted and those for which the conditions are met are executed.  Since the successful execution of 

a C-event may mean that another C-event can now be executed, the simulation continues to attempt 

C-events until no further events can be executed.  The simulation then returns to the A-phase unless it 

is deemed that the simulation is complete.  Typically a simulation is run for a predetermined run-

length or possibly a set number of arrivals. 

Telephone Call Centre Example: Hand Simulation 
A computer can easily be programmed to follow the stages in the three-phase approach.  For the 

purpose of understanding, however, it is useful to perform a simulation by hand.  Tables 5 to 10 show 

the three-phase method in operation for the call centre example.  Each table shows a successive 

iteration of the method for a total of 12 minutes of simulation.  The status of the model following the 

B-phase and the C-phase in each iteration is shown.  It is recommended that the reader follows this 

example in conjunction with the flow chart in figure 3.  It may be useful to create a visual simulation 

by drawing the diagram in figure 2 and using pieces of paper with X and Y written on them to show 

the movement of customers as described in the tables below. 

Table 5 shows the initial state of the simulation.  It is assumed that there are no calls in the call 

centre, although some calls could be placed in the queues if it were seen as more realistic.  Two initial 

events are scheduled for the arrival of the first customers X and Y, which will occur at time 5 minutes 

and 10 minutes respectively.  Note that the event list is placed in chronological sequence so the A-

phase can simply pick the event at the top of the list. 

The simulation then enters the A-phase which advances the clock to time 5 minutes when the first 

B-event, B1, is due (table 6).  In the B-phase, the call from the first customer type X arrives (X1) at 

the router queue.  The next arrival of a customer type X call is scheduled to occur at time 10 (event 

B1).  Note that the event is due to take place at the same time as event B2, but is placed after B2 in the 

event list since its scheduling took place after.  This becomes important when these events are 

executed in table 8.  On entering the C-phase, event C1 is executed.  Call X1 is moved to the router 

and the router is scheduled to complete at time 6 minutes (event B3).  No further C-events can be 

executed. 

Returning to the A-phase, the clock is advanced to time 6 minutes and event B3 is executed in the 

B-phase.  As a result, call X1 is transferred to the operator 1 queue (table 7).  In the C-phase the call is 

transferred to operator 1, who is scheduled to complete the call at time 10 via event B4. 
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Figure 3  The Three-Phase Simulation Approach 
 

Start

Initialise simulation:

• initial state   

• initial events

A Phase

Find time of next event

and advance the clock to 

that time

B Phase

Execute all B-events 

due now

C Phase

Attempt all C-events

Any C-events

performed?

Simulation

complete?

Stop

Yes

No

No

Yes
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Table 5  Call Centre Simulation: Clock = 0 (Initialise Simulation) 
 

Model Status 
 

Phase 

Router 

queue 

 

Router 

Oper. 1 

queue 

 

Oper. 1 

Oper. 2 

queue 

 

Oper. 2 

 Empty Idle Empty Idle Empty Idle 

 
Event List 

Event Time 

B1 5 

B2 10 

 

 
Results 

Work complete 

X 0 

Y 0 

 

Table 6  Call Centre Simulation: Clock = 5 (Event B1) 
 

Model Status 

 

Phase 

Router 

queue 

 

Router 

Oper. 1 

queue 

 

Oper. 1 

Oper. 2 

queue 

 

Oper. 2 

B X1 Idle Empty Idle Empty Idle 

C Empty X1 Empty Idle Empty Idle 

 
Event List 

Event Time 

B3 6 

B2 10 

B1 10 

 
Results 

Work complete 

X 0 

Y 0 

 

 

Table 7  Call Centre Simulation: Clock = 6 (Event B3) 
 

Model Status 

 

Phase 

Router 

queue 

 

Router 

Oper. 1 

queue 

 

Oper. 1 

Oper. 2 

queue 

 

Oper. 2 

B Empty Idle X1 Idle Empty Idle 

C Empty Idle Empty X1 Empty Idle 

 

Event List 
Event Time 

B2 10 

B1 10 

B4 10 

Results 

Work complete 

X 0 

Y 0 

 
 

At time 10, three B-events are executed, B2, B1 and B4 respectively (table 8).  These events are 

all executed before entering the C-phase.  As a result of their ordering, call Y1 is selected to enter the 

router queue before call X2.  Here a first-in-first-out priority is used, but an alternative priority could 

be adopted if required, for instance, answer customer type X calls before customer type Y.   

The two arrival events lead to further arrival events being scheduled, B1 at 15 minutes and B2 at 

20 minutes.  When event B4 is executed, call X1 leaves the model and the work complete count is 

incremented by 1.  Event C1 is executed in the C-phase making call Y1 move to the router and 

scheduling event B3.  No further C-events can be executed. 

The simulation then continues in a similar manner through the three phases (tables 9-10).  For the 

purposes of this example the simulation is stopped at time 12 minutes (table 10).   
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Table 8  Call Centre Simulation: Clock = 10 (Events B2, B1, B4) 
 

Model Status 

 

Phase 

Router 

queue 

 

Router 

Oper. 1 

queue 

 

Oper. 1 

Oper. 2 

queue 

 

Oper. 2 

B X2, Y1 Idle Empty Idle Empty Idle 

C X2 Y1 Empty Idle Empty Idle 

 

Event List 
Event Time 

B3 11 

B1 15 

B2 20 

Results 

Work complete 

X 1 

Y 0 

 

 

Table 9  Call Centre Simulation: Clock = 11 (Event B3) 
 

Model Status 

 

Phase 

Router 

queue 

 

Router 

Oper. 1 

queue 

 

Oper. 1 

Oper. 2 

queue 

 

Oper. 2 

B X2 Idle Empty Idle Y1 Idle 

C Empty X2 Empty Idle Empty Y1 

 

Event List 
Event Time 

B3 12 

B1 15 

B5 18 

B2 20 

Results 

Work complete 

X 1 

Y 0 

 

 

Table 10  Call Centre Simulation: Clock = 12 (Event B3) 
 

Model Status 

 

Phase 

Router 

queue 

 

Router 

Oper. 1 

queue 

 

Oper. 1 

Oper. 2 

queue 

 

Oper. 2 

B Empty Idle X2 Idle Empty Y1 

C Empty Idle Empty X2 Empty Y1 

 

Event List 
Event Time 

B1 15 

B4 16 

B5 18 

B2 20 

Results 

Work complete 

X 1 

Y 0 
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2.3 The Discrete-Event Simulation Approach (Other Methods) 

Beyond the three-phase method there are a number of other approaches to discrete-event simulation.  

The main three are event scheduling, activity scanning and process-based.  Each is briefly described 

here.  The reader is referred to Pidd (2004) for more detailed descriptions and Derrick et al (1989) for 

a comparison of the methods. 

Event Scheduling 
As in the three-phase method, events represent a change of state in the system and a simulation 

executive handles the scheduling of these events.  The key difference is that an ‘event routine’ 
specifies all the actions that follow from a state change.  For instance, in the call centre example, 

when the call router completes a call, the event routine would output the call to the appropriate queue 

and check to see if it can restart work by taking a waiting call from the router queue.  In effect, event 

B3 (table 3) and C1 (table 4) are brought together into a single event routine. 

The advantage of this method is it does not require repeated scanning of the C-events and so it is 

very efficient, making the simulation run faster.  The disadvantage is that coding the simulation is 

more complex since it needs careful consideration of all the possible consequences of every event.  

This can make it particularly difficult to change the model code. 

Activity Scanning 
In this method all events are effectively treated as C-events, that is, one or more conditions need to be 

satisfied for the event to occur.  For our B-events in table 3, the condition would be the time at which 

the event is due to occur.  The C-events in table 4 would remain unchanged.  The simulation 

executive then scans the single list of events to see which events can be executed at the current time.  

If no events can be executed it moves the clock forward to the time of the next event. 

The approach is very simple, but it is also inefficient, requiring the constant scanning of all the 

events.  So whilst models may be easy to construct and change using activity scanning, they can run 

slowly. 

Process-Based 

Instead of events acting as the building block of the simulation model, in the process-based approach 

the model is conceived as a set of processes.  A process is a sequence of activities through which an 

entity must proceed.  So for the call centre simulation (figure 2) customer type (entity) X arrives, 

queues, goes to the router, queues and then goes to operator 1.  Customer type (entity) Y follows a 

slightly different process finishing at operator 2.  In each process conditional and unconditional delays 

are identified.  An unconditional delay represents a delay for a predetermined time, such as the time 

spent at the call router.  A conditional delay occurs when the progress of an entity is determined by a 

set of conditions, such as the call router needs to be idle before the call can progress from the router 

queue.  The role of the simulation executive is to manage the progress of entities through their process 

by activating their progression at the end of an unconditional delay, or by identifying when the 

conditions have been met to cease a conditional delay. 

As with the three-phase method, the process-based approach is popular with simulation software 

developers and so it is used widely in simulation packages; although this is largely transparent to the 

user of a simulation package.  A key advantage of the process-based approach is the intuitive appeal 

of specifying the process an entity (e.g. a customer) follows.  It can, however, become complex to 

manage a process-based simulation when there are many entity types interacting with one another.  

3 MODELLING VARIABILITY 

Having described the modelling of the progress of time, the attention now turns to the second aspect 

that is central to discrete-event simulation, modelling (unpredictable) variability.   
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3.1 Modelling Unpredictable Variability 

So far the call centre simulation has not included any elements of variability, and in particular, 

unpredictable variability.  It is unrealistic to expect the time callers spend at the router and the 

operators to be fixed.  Nor will calls arrive at fixed intervals with exactly two X customers for every 

Y.  How can such unpredictable variability be represented within a simulation? 

To answer this question, first take the example of the ratio of X and Y customers.  Rather than 

model the arrival of these customers as separate events, it is common practice to model a single 

arrival event and to determine the call type as a customer arrives.  If there were many customer types 

this negates the need for a large number of B-events; one for each customer type.  For now it is 

assumed that a customer arrives every three minutes exactly. 

A simple way of determining the call type would be to toss a coin every time a customer arrives in 

the model.  A head could represent an X customer and a tail a Y customer.  The shortcoming of this 

approach is that it assumes an equal proportion of X and Y customers (unless the coin is biased!).  

What if 60% of customers are of type X and only 40% of type Y?  This could be represented by 

taking ten pieces of paper and writing X on six of them and Y on four.  The pieces of paper could then 

be placed into a hat and every time a customer arrives in the model a piece of paper could be drawn 

out to determine the customer type.  It is important that the drawn paper is replaced each time to 

maintain the ratio of customers at 60:40. 

Although the second approach would enable different customer ratios to be modelled, it is only 

suitable for hand simulations; a computer cannot draw pieces of paper from a hat!  In computer 

simulation a similar principle is adopted based upon the use of random numbers. 

3.2 Random Numbers 

Random numbers are a sequence of numbers that appear in a random order.  They are presented either 

as integer (whole) numbers on a scale of say 0 to 9 or 0 to 99, or as real numbers (with decimal 

places) on a scale of 0 to just less than 1.  A sequence of integer random numbers, on a scale of 0-99, 

could be generated by placing 100 pieces of paper into a hat, each with a number written on it, and 

withdrawing numbers from the hat.  The drawn pieces of paper are replaced each time.  This is known 

as the ‘top hat’ method. 
Random numbers generated in this fashion have two important properties: 

 Uniform: there is the same probability of any number occurring at any point in the sequence; 

 Independent: once a number has been chosen this does not affect the probability of it being 

chosen again or of another number being chosen. 

These properties are maintained because the pieces of paper are replaced each time. 

Table 11 shows a list of random numbers.  Books containing such tables can be obtained (RAND 

Corporation, 1955) and spreadsheets provide functions from which tables of random numbers can be 

created (e.g. 'RAND' function in Excel).  Such tables could be stored for use by a simulation, although 

this is quite inefficient in terms of computer memory usage.  It is, therefore, more usual to generate 

the random numbers as they are required (section 3.6). 

3.3 Relating Random Numbers to Variability in a Simulation 

The random numbers in table 11 can be used to sample the type of an arriving call.  They can be 

associated with the customer type such that 60% of the random numbers relate to type X calls and 

40% to type Y calls as follows: 

 

Random numbers Customer type 

00-59 X 

60-99 Y 
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Table 11  Integer Random Numbers on a Scale 0-99 
 

93 43 08 21 61  40 88 36 10 09 

34 47 17 99 81  54 44 37 12 97 

02 22 48 12 45  00 24 38 43 41 

78 71 51 66 19  07 83 29 51 30 

82 19 46 05 24  50 09 78 17 64 

           

41 44 39 90 81  22 56 79 25 24 

54 32 60 60 32  30 42 50 93 86 

23 23 64 16 56  61 21 09 72 36 

09 06 82 14 81  05 40 37 55 33 

66 86 57 85 63  69 47 56 86 08 

           

27 24 31 05 15  43 45 23 62 03 

19 36 86 85 43  17 99 74 72 63 

22 00 88 14 84  56 89 95 05 94 

87 43 20 07 35  41 51 10 11 31 

66 00 05 46 23  22 22 25 21 70 

           

43 28 43 18 66  86 42 91 55 48 

28 20 62 82 06  82 79 60 73 67 

77 78 43 27 54  89 22 02 78 35 

72 67 13 42 46  33 27 66 34 24 

06 70 58 78 07  89 71 75 03 60 

 

Reading across the top row of random numbers, the first customer to arrive would be a type Y 

(93), the second a type X (43) and so on.  The sequence for the first ten customers is Y (93), X (43), X 

(08), X (21), Y (61), X (40), Y (88), X (36), X (10), X (09).  Note that the ratio of X to Y customers is 

7:3 for this sequence.  When a coin is tossed ten times there will not necessarily be five heads and five 

tails.  At an extreme it is in fact possible that there will be ten of one or the other.  This is not because 

the coin is biased, but because the process is random.  Over very many tosses it is expected that the 

ratio of heads to tails will be exactly 1:1.  In the same way, using random numbers to determine 

whether customers are of type X or Y over a few arrivals is not expected to give an exact ratio of 6 

(X): 4 (Y).  Over a great many arrivals, however, the ratio will be more-or-less achieved.  Indeed, if 

values of X and Y are sampled for the whole of table 11, we obtain 65.5% X and 34.5% Y; closer to 

the expected proportions, but still with some divergence. 

3.4 Modelling Variability in Times and Other Continuous Variables 

The method described above is useful for modelling proportions.  In order to model activity times (or 

other continuous real variables) a small extension to the approach needs to be adopted.  This is best 

illustrated with an example. 

Up to this point it has been assumed that calls arrive at a fixed interval.  This is obviously 

unrealistic and there is likely to be some level of variation in the time between call arrivals.  Figure 4 

shows a frequency distribution for the inter-arrival time of calls at the call centre.  The mean of this 

distribution is three minutes, but actual inter-arrival times can vary from zero (calls arriving together) 

to seven minutes. 

Random numbers can be related to the frequencies in figure 4 in a similar fashion to that used for 

the proportion of customer types above (table 12).  In this way, the correct proportion of inter-arrival 

times in each range can be obtained.  This, however, only gives the range within which the inter-

arrival time falls.  In order to obtain the actual inter-arrival time, a second random number could be 

selected, divided by 100 and added to the lower end of the range. 
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Figure 4  Frequency Distribution for Inter-Arrival Time of Calls 

 

Table 12  Relation of Random Numbers to Sampled Inter-Arrival Times 

 

 

Random numbers 

Inter-arrival time 

(minutes) 

00-13 0-1 

14-37 1-2 

38-67 2-3 

68-85 3-4 

86-94 4-5 

95-98 5-6 

99 6-7 

 

To illustrate, table 13 shows the inter-arrival time for the first ten calls.  Random numbers are 

taken from row six and row 11 of table 11.  Different rows are used for these samples, as well as for 

the sampling of customer type, to ensure complete independence.  Note that the mean of the ten 

samples is only 2.38 minutes and the frequency of samples in each range is very different from the 

distribution in figure 4.  It would only be after many samples are taken that the mean and shape of the 

sampled distribution would become similar to the original data. 

 

Table 13  Inter-Arrival Time of the First Ten Calls: Sampled using Random Numbers 
 

 

Customer 

First random 

number (row 6) 

Inter-arrival time 

range 

Second random 

number (row 11) 

Inter-arrival 

time (minutes) 

1 41 2-3 27 2.27 

2 44 2-3 24 2.24 

3 39 2-3 31 2.31 

4 90 4-5 05 4.05 

5 81 3-4 15 3.15 

6 22 1-2 43 1.43 

7 56 2-3 45 2.45 

8 79 3-4 23 3.23 

9 25 1-2 62 1.62 

10 24 1-2 03 1.03 

Mean    2.38 

 

A known sequence of random numbers is used to generate the variability.  As a result the same 

sequence of events, in this case the inter-arrival times, can be generated over and over again by using 

the same set of random numbers.  Here this would mean always starting in row six and 11 to sample 

the arrival times.  This approach enables experiments with a simulation model to be repeated under 

the same conditions as many times as is required and so provides the benefit of being able to control 
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the experimental conditions.  In order to change the conditions in terms of variability, a different set 

of random numbers needs to be selected, for instance, starting in rows 15 and 20.    

A hand simulation could now be performed using the three-phase approach described in section 

2.2, but instead of using the fixed data, the inter-arrival times and customer types could be sampled 

using the process described above.  Each time a call arrives its type would be sampled along with the 

arrival time of the next call.  There would be only one B-phase arrival event, say B1, instead of two.  

The activity times at the router and operators should also be made to vary.  A distribution for each 

process could be specified and the same approach could be adopted for sampling the activity times. 

3.5 Sampling from Standard Statistical Distributions 

In the previous sub-section, samples are taken by relating random numbers to an empirical 

distribution.  Often, samples are required from standard statistical distributions, for instance, the 

normal distribution.  The sampling concept is very similar to that above.  Take, for instance, a normal 

distribution with a mean of five and standard deviation of one, as shown in figure 5.  To sample a 

value from this distribution, the random number selected is taken to be a percentage of the area under 

the curve.  Working from the left-hand end of the distribution, the sample value is the point on the x-

axis at which the area under the curve is equal to that percentage.  If, for instance, the random number 

is 30, then the sample would be selected from the point at which 30% of the area under the curve is 

found (giving z = -0.52 from normal distribution tables).  In the example, using the standard formula 

 where µ  is the mean of the normal distribution (5) and σ is the standard deviation (1), this 

gives a sample value x = 4.48. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5  Sampling from a Normal Distribution 
 

It is quite difficult to think in terms of identifying the area under a curve.  Therefore, rather than 

sampling directly from a distribution's probability density function (PDF), as in figure 5, samples are 

taken using the cumulative distribution function (CDF).  This specifies the percentage of the area 

under the curve for any given value of x.  Figure 6 shows the cumulative distribution function for the 

normal distribution displayed in figure 5.  By identifying the point at which the cumulative 

distribution function is equal to a random number (say, 30), then the sample value of x can be 

determined. 

 

Normal (mean  = 5, SD  = 1)
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Normal (mean = 5, SD = 1) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6  Sampling from the Cumulative Distribution Function for a Normal Distribution 
 

Although the principle is fairly straightforward, in practice sampling from such distributions 

requires either direct or numerical integration of the distribution’s probability density function (to 
obtain its cumulative distribution function).  Thankfully simulation software packages provide 

functions that give samples from a range of useful statistical distributions without the need to refer to 

the underlying theory.  As a result, this process is not described in any more detail here.  Pidd (2004) 

and Law (2007) both describe procedures for sampling from distributions in some detail. 

3.6 Computer Generated Random Numbers 

Large-scale simulation models can require thousands or even millions of random numbers during a 

run.  Generating so many numbers manually, using say the top hat method, is obviously impractical.  

A lot of computer memory is also required to store so many numbers.  In order to address this issue, it 

is more normal for the computer to generate the random numbers as they are required. 

By nature, computers do not behave in a random fashion, and so they are not able to create true 

random numbers.  There are, however, algorithms that give the appearance of producing random 

numbers, albeit that the results are completely predictable!  Although it is always possible to predict 

the next number in the sequence (using the algorithm), when a stream of the numbers is inspected, 

they appear to have the properties of uniformity and independence required for randomness.  As a 

result, random numbers generated in this fashion are known as pseudo random numbers.   

A simple, but commonly used, algorithm for generating random numbers is Xi+1 = aXi + c (mod 
m),  
where: 

Xi: stream of random numbers (integer) on the interval (0, m-1) 

a: multiplier constant 

c: additive constant 

m: modulus; mod m means take the remainder having divided by m 
This is known as a linear congruential random number generator.  Values for each of the constants are 

selected along with a starting value for X (X0), otherwise known as the ‘seed’.  If the random numbers 
are required on a scale of 0-1, as is more common with computer generated numbers, then the Xi can 

be divided by m. 

Table 14 illustrates the algorithm with X0 = 8, a = 4, c = 0 and m =25.  This gives random numbers 

on a range of 0 to 24, the maximum always being one less than the value of m.  Note that the stream 

repeats itself after i = 9.  This is a common problem with this algorithm and the values of the 

constants need to be carefully selected to ensure that the cycle is sufficiently long so it does not repeat 

itself during a simulation run; otherwise the simulation would model a repetitive cycle of random 
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events.  This example is purely illustrative and normally much larger values, at least of m, are used to 

ensure the cycle is very long. 

Table 14  Generation of Random Numbers from an Algorithm 
 

i Xi 4Xi 

0 8 32 

1 7 28 

2 3 12 

3 12 48 

4 23 92 

5 17 68 

6 18 72 

7 22 88 

8 13 52 

9 2 8 

10 8 32 

11 7 28 

12 3 12 

13 12 48 

14 23 92 

15 17 68 

 

This type of approach gives complete control over the random numbers that are generated.  By 

using the same seed and constants, the same stream of random numbers can be generated over and 

over again.  So this gives the same control over the experimental conditions as with the use of the 

random number table (table 11).  In order to change the model conditions in terms of variability, a 

different random number seed (X0) needs to be selected.  By changing the seed different streams of 

pseudo random numbers are generated.   These streams are referred to as pseudo random number 
streams. 

More detailed discussion on generating random numbers can be found in Kleijnen and van 

Groenendaal (1992), L’Ecuyer (1994), Pidd (2004) and Law (2007).  These also describe methods for 

testing whether the generated random numbers meet the conditions of uniformity and independence.  

Good random number generators are L’Ecuyer (1999) and the Mersenne-Twister (Matsumoto and 

Nishimura, 1998). 

4 CONCLUSION 

An overview of how a discrete-event simulation works has been given, showing how the progression 

of time and variability can be represented.  The approaches that are described provide the foundation 

for discrete-event simulation software. 
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ABSTRACT 

This tutorial paper provides a basic introduction to hybrid (or multi-paradigm) simulation modelling, as understood 

by an operational researcher. Hybrid simulation is defined as a modelling approach that uses more than one 

simulation paradigm from the set {discrete event simulation, agent based simulation, system dynamics}. Hybrid 

simulation has gained popularity in recent years, partly due to the availability of commercial software for developing 

hybrid models, and partly due to the capability of hybrid models to tackle different aspects of the same problem 

situation. The session itself will be a hands-on introduction to hybrid simulation modelling in AnyLogic.  

 

Keywords: Hybrid Simulation, Multi Paradigm Simulation 
 

1 INTRODUCTION 

In this tutorial paper hybrid simulation is defined as a modelling approach that simultaneously uses at 

least two of the following simulation methods/paradigms: discrete event simulation (DES), agent-based 

simulation (ABS) and system dynamics (SD). I shall adopt an operational research (OR) perspective, as 

described in the following statement in my 2014 JoS paper “DES is alive and kicking!”: “OR is primarily 

concerned with problem-solving in a real-world setting. While fundamental theories of nature are of 

great interest to physicists and sociologists, most practically minded operational researchers start with a 

real-world problem and then try to find the best pragmatic way to solve it.” (Brailsford, 2014, p3). The 

aim of that paper (inspired by the 2010 Simulation Workshop, where it was cheekily suggested by the 

keynote speaker, Chick Macal, that DES was dead) was essentially to show that anything ABS can do, 

DES can also do. My definition of hybrid simulation therefore includes all models developed by 

operational researchers with the ultimate aim of tackling real-world problems in a pragmatic way, and that 

use at least two of DES, SD or ABS as they are traditionally described in standard OR textbooks. My 

definition excludes physics/engineering type simulation models that have both continuous and discrete 

variables but are neither SD or DES as normally understood by an OR person. This paper assumes that 

readers are familiar with the basics of the three individual paradigms: for those who are not, see for 

example Brailsford, Churilov and Dangerfield (2014), which contains introductory tutorial chapters on all 

three methods. 

1.1 Mixing methods in OR  

Mixing OR methods in general, i.e. using more than one method to tackle a particular problem, is 

definitely not new. The literature on mixed methods research in OR dates back at least to the 1980’s and 

possibly earlier. Jackson and Keys (1984) argue that since all OR methods have different strengths and 
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weaknesses, mixing methods offers the potential to overcome some of the drawbacks of using a single 

approach. Peter Bennett (1985) discusses three levels at which different OR methods could be applied. 

The lowest level, Comparison, involved using two methods entirely separately, for the purpose of solving 

different aspects of a problem which either method used on its own could not tackle. The next level, 

Enrichment, aims to enhance one method (the main method) by using elements of the other. The highest 

level, Integration, treats the methods on an equal footing and uses elements of each to generate something 

totally new. My definition of hybrid simulation excludes comparison but includes the other two levels.  

 Combining simulation methods in particular has a strong appeal for OR modellers. Most real-world 

problems and systems are complex, with different components or subsystems each exhibiting a range of 

features and characteristics, and only rarely is one single simulation paradigm used on its own ideally 

suited to capture all of them. The modeller who chooses to use only one method (for the sake of 

argument, DES) is therefore faced with a dilemma: to model everything in DES, accepting that it won’t 
really work for some parts of the problem, or to model only those parts of the problem for which DES is 

suitable and simply say that the remaining parts are out of scope? The former approach may lead to a poor 

model, but equally, it may be neither useful nor sensible to study only one aspect of the system in 

isolation. For example, the detailed operational aspects of a system may be most appropriately tackled by 

DES whereas SD would be a better choice for the broader, more strategic aspects; however, the key 

problem for the decision-maker may be caused by the interaction effects of these two aspects. Similarly, 

there may be some elements of a problem where variability really matters and so a stochastic approach is 

essential, whereas elsewhere feedback is the key feature which drives system behaviour.  

1.2 Structure of this paper, and some terminology 

The rest of this paper is structured as follows. Section 2 provides an extremely brief history of hybrid 

simulation in OR. Section 3 describes some of the main conceptual frameworks for hybrid modelling, 

while Section 4 illustrates these by a couple of case studies. Section 5 is a short introduction to AnyLogic, 

which will be the main focus of the tutorial session at the conference. Section 6 discusses the challenges 

of hybrid modelling, and Section 7 concludes the paper and sets out a potential future research agenda. 

 I shall use the terms paradigm and method interchangeably, and will reserve the term approach to 

describe the overall way that a model is designed and implemented to address a given problem. Different 

paradigms may be combined in one single holistic model, encoded in one single software environment, or 

may be implemented as separate, distinct models encoded in different software but that communicate 

dynamically in some way at runtime. Hence my definition includes approaches where separate models are 

run in a cyclic pattern (e.g. DES – SD – DES – SD – DES …) but excludes approaches where (say) an 
ABS model is run only once to generate input for (say) an SD model.  

1.3 Conflict of interest (or not) 

This tutorial paper is definitely NOT an advertisement for AnyLogic, although it may feel like that in 

places. I have no connection with the company that sell it, and will get no commercial benefit (or indeed 

any other kind of benefit) from encouraging people to experiment with it.  

  

2 HYBRID SIMULATION MODELLING: A BRIEF HISTORY   

DES has been an established tool in the “OR toolbox” for well over sixty years. SD has been around for a 
similar length of time (Forrester, 1961) but was less widely taught on MSc programmes in the 1980s and 

1990s and has only really gained widespread acceptance in the mainstream OR community within the last 

twenty years or so. For a long time simulation was synonymous with DES for many OR people, and it is 

only relatively recently that the scope of the Journal of Simulation was extended to include SD (and 

ABS). ABS is definitely the “new kid on the block” as far as mainstream OR is concerned, although it too 
has been around for many years. In its computerized form it became popular in the 1980s, in the new 
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disciplines of computer science and artificial intelligence. However its origins lie in social science and 

date back to a time before computers were available to everyone: Schelling’s famous segregation model 
(Schelling, 1971) was implemented on a real chequerboard. 

  The burgeoning popularity of SD among the OR community in the early 2000s gave rise to 

considerable interest in comparing DES and SD. Several authors discussed which approach should be 

used and when (Brailsford and Hilton, 2001; Brailsford, Churilov and Liew, 2003; Morecroft and 

Robinson, 2006) while others compared the differences in model-building approaches by users of DES 

and SD (Tako and Robinson, 2009). I had always thought the idea of actually combining simulation 

paradigms in the field of OR was relatively new, but when writing a paper for the special History Track at 

the 2017 50
th
 Anniversary Winter Simulation Conference, on the history of simulation in healthcare 

(Brailsford, Carter and Jacobson, 2017), I discovered a paper from 1977 (written by modellers who would 

definitely describe themselves as OR people) which described a hybrid continuous/discrete model of the 

primary health care system in Indiana (Standridge et al. 1977). Hybrid simulation is clearly not quite such 

a new idea as Nav Mustafee, Tillal Eldabi and I thought when we started the Hybrid Simulation mini-

track in WSC’14.  
 In computer science and engineering, hybrid simulation tools designed to handle both continuous and 

discrete model parameters have been around since the 1990’s (Monsef et al: 1995; Music and Matko: 

1999); the continuous/discrete simulation software Modelica (www.modelica.org) was developed for 

mechanical engineering applications. In the field of OR, many DES packages provide a limited facility to 

model continuous processes as well as discrete events, and so (in theory) can be adapted to represent 

some aspects of SD models. Most SD software has the capability to employ probabilistic sampling and 

also includes devices like “conveyors” in Vensim to model activity durations. However despite these 

valiant efforts, these packages remain essentially either a DES tool with some continuous features bolted 

on, or an SD tool with some discrete or stochastic features. A modeller trying to develop a hybrid model 

in any of these basically has to force a square peg into a round hole, and make the software do a job it 

really was not designed to do.  

 Compared with DES, and even with SD, there are relatively few ABS software packages. Most of the 

available tools (e.g. Netlogo and Repast) were primarily developed for academic research purposes and 

hence building models in them involves writing a lot of code. While this obviously provides great 

flexibility (and also means they can be more easily combined with aspects of DES or SD), these packages 

are rarely taught outside computer science degree programmes. The first, and still the only, commercial 

software tool that was purposely designed from the start to allow modellers to develop practical hybrid 

simulation models in all three paradigms is AnyLogic (www.anylogic.com) and while this now has a nice 

graphical interface that allows the user to drag-and-drop icons on the screen and use dialog boxes to enter 

model parameters, etc, developing anything more than a fairly simple model still requires some facility in 

writing Java code. 
 

3 FRAMEWORKS FOR COMBINING SIMULATION METHODS 

In the early 2000s, the OR literature on hybrid simulation focused mainly on combining DES and SD. 

One of the most frequently referenced papers from this period is Chahal and Eldabi (2008), who identify 

three modes in which DES and SD can be combined (see Figure 1). The simplest is the Hierarchical 

mode in which there are actually two distinct models which simply pass data from one to the other in a 

sequential manner. Rabelo et al. (2003) and Venkateswaran et al (2005) use this approach to develop a 

conceptual model for combining DES and SD in a manufacturing context. They develop a united 

architecture to govern the run-time infrastructure, but use two separate software packages, Arena and 

Powersim, to implement their approach. Chahal and Eldabi call their second mode the Process 

Environment mode: here there are still two distinct models, but the DES model actually sits inside the SD 

model and models a small section of the system, which then interacts dynamically with the wider SD 

environment. This approach is used in one of the examples discussed in Section 4. Finally, in the genuine 
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Integrated mode, there is one seamless model with no clear distinction between the DES and SD parts. 

Despite the current popularity of AnyLogic, I still argue that this “nirvana state” has not yet been 
achieved. 

 

 

 

 

 

 

 

Mode 1: Hierarchical 

 

 

 

 

 

Mode 2: Process Environment 

 

 

 

 

 

 

Mode 3: Integrated 
 

Figure 1 Three modes for combining DES and SD, after Chahal and Eldabi (2008) 

  

Modern hybrid models, whether developed in a single software environment or several, and of course 

potentially including ABS as well as DES and SD, can be found in many other configurations besides the 

Hierarchical and Process Environment modes described above. There are many other possible 

architectures in addition to a) a set of separate “encapsulated” models that pass information between 
themselves, and b) one overarching model that contains one or more smaller submodels. It is not even 

always the case that SD is used to model the wider environment or “whole system” while DES and/or 
ABS are used to model subsystems contained within it, although there are many examples of this 

approach in the literature. Sometimes SD is used to model processes going on inside individual agents, 

for example the progression of eye disease in patients attending the Ophthalmology Clinic described in 

Viana et al (2012).  

More recently, Morgan et al (2015) identified five modes of interaction between simulation 

paradigms. While this paper again focused only on DES and SD, these can be extended to include ABS.  

  

a) Parallel: this includes Bennett’s comparison mode. Two or more totally independent models are 

developed either for direct comparison or to address totally separate aspects of a problem, and thus 

even if the results are subsequently combined this does not count as hybrid as defined by me.  

b) Sequential: two or more distinct single-paradigm models that are executed sequentially (but only 

once), so that the output of one becomes the input to another. This is also excluded from my 

definition of hybrid simulation.  

c) Enriching: one dominant method, with limited use of other method(s). This qualifies as hybrid under 

my definition, and would arguably include Chahal and Eldabi’s Process Environment mode as a 
special case (i.e. when SD is dominant and the DES component is relatively minor).  

d) Interaction: distinct but equal single-paradigm submodels that interact cyclically at runtime. This 

definitely counts as hybrid, and is in essence Chahal and Eldabi’s Hierarchical mode. 

e) Integration: again, one seamless model in which it is impossible to tell where one paradigm ends and 

another begins. Everyone seems to be agreed on what integration means, even if nobody has actually 

achieved it yet! 

 

DES SD 
SD 

SD 

SD  

 

DES 
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I would further subdivide the Interaction category and distinguish between submodels that interact in a 

predetermined pattern (e.g. A-B-A-B-A-B-…) and those that interact dynamically, i.e. in a way that 

cannot be specified in advance but is determined at runtime by the system state. Most examples of hybrid 

models that use two separate software tools linked by some intermediary interface (e.g. Excel or a 

programming language such as Java or Python) fall into the former category, even if this linkage is fully 

automated, whereas AnyLogic models fall into the second category: calls to execute the single-paradigm 

submodels are automatically handled at runtime by the AnyLogic engine, in a way that is concealed from 

the user.  

 

4 ILLUSTRATIVE EXAMPLES  

4.1 Using two different software tools: the chlamydia model 

Viana et al. (2014) describe a hybrid DES-SD model for the sexually transmitted infection (STI) 

chlamydia. Chlamydia is the most common STI in people aged 15-24: it is estimated that in the UK, at 

least 2% of people in this age range are infected (NCSP, 2017). Chlamydia is often asymptomatic and 

hence can be unknowingly passed on by infected people, although once detected it can be easily (although 

only temporarily) treated by a short course of antibiotics. It is an important public health issue because 

repeated infections can lead to serious and even life-threatening complications, such as ectopic 

pregnancy, later on. SD is an ideal approach for capturing the feedback dynamics of infectious diseases. 

In the hybrid simulation, an SD epidemic model of the spread of chlamydia in the population is combined 

with a DES model of the hospital clinic in which patients get treated. Clearly, in reality these two aspects 

are closely interconnected and affect each other.  

 People do not book appointments or need a GP referral for STI clinics. They just show up, are tested, 

and if necessary treated. However if the clinic is overcrowded the queues get long: people may be 

unwilling to wait for hours, and may leave without being tested or treated. This then increases the 

proportion of infected people in the community, leading in turn to an increased number of new infections, 

and ultimately further increases the demand for the clinic. The SD part of the model captures this 

feedback effect, while the DES part captures the stochastic nature of the clinic operations and the impact 

on overall clinic performance of adding extra resources. The model was developed in collaboration with 

medical staff from a real STI clinic in Portsmouth, Hampshire, and uses data collected from that clinic 

and derived from the medical literature.  

 In the terminology of Chahal and Eldabi (2008), this is a process-environment model, i.e. two 

separate models (a DES model embedded within an SD model) that run sequentially in a predetermined 

pattern and communicate at runtime. The DES represents only part of the whole system: the part where 

individual variability is important, and queueing occurs at bottlenecks. The SD and DES models are 

totally separate and can in fact be run independently. They were developed in Vensim and Simul8 

respectively, linked by an Excel interface since both packages can read data from, and write data to, 

Excel. The combined model runs in monthly time steps, as follows. The SD model first runs for one 

month and generates the demand for that month, in terms of the number of people in the population who 

are identified as having chlamydia through opportunistic screening, contact tracing, attending their GP if 

they have symptoms, or simply showing up at the STI clinic. This monthly demand is then exported from 

Vensim into Excel, which disaggregates the demand into inter-arrival rates based on historical data 

analysis, which can vary over time, to be used as arrival distributions in Simul8. The DES clinic model 

then performs 20 iterations of one day, and the average number of people treated per day is exported from 

Simul8 through Excel to the SD model. The SD model advances a time step and the whole process starts 

again. For a more detailed explanation of the model including model validation, data requirements, results 

and reflections see Viana et al (2014). In this paper, the hybrid model is compared with the standalone SD 
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in which the clinic is modelled as a deterministic “black box”, and the hospital collaborators confirmed 

that the hybrid version gave more credible results.    

4.2 Using one software tool: the AMD model 

Age-related macular degeneration (AMD) is a serious eye disease which affects older patients and is the 

leading cause of blindness in people aged over 65 in the UK. Until about ten years ago it was untreatable, 

and patients with AMD were left to face blindness and the consequent loss of independence, which often 

meant they needed to move into residential care earlier than they otherwise might. Even now AMD still 

cannot be cured, but its progression can be delayed by monthly injections into the eyes which must be 

given in a hospital outpatient clinic. This, combined with an ageing population, has led to huge demand 

for AMD clinics. Rather like the chlamydia model but at the other end of the age range, overcrowded 

clinics can lead to patients having to leave without being treated, not because they are unwilling to wait 

but because in this case, they are often dependent on hospital transport to take them home. Also, it is 

highly undesirable for frail elderly patients to have to sit around for several hours in a clinic waiting 

room. The availability of this treatment highlights the interaction between the health and social care 

systems in the UK: the treatment is provided and paid for by the NHS, and while of course the patients 

benefit in terms of quality of life, the main financial benefit is felt by the social care system in not having 

to provide so many residential care places.  

 Viana et al (2012) developed a hybrid simulation model in AnyLogic which combines an agent-based 

model representing individuals with AMD with a DES model of the outpatient clinic and an SD model of 

disease progression. The patient agents contain two simple embedded state transition models which 

represents the progression of AMD in each eye. This is affected by treatment, which slows down the 

disease process. Each patient has a social care need status, and this, in conjunction with the level of social 

care provision, affects their probability of clinic attendance. Social care provision is represented by a state 

chart which consists of three states: not required, partly met and fully met. The agents interact with the 

DES model when the scheduled time of their clinic appointment arrives. The patient may (or may not) 

attend the clinic, and may (or may not) receive treatment, depending on the congestion in the clinic and 

the overall performance of the clinic. This model was developed in collaboration with medical staff from 

the ophthalmology clinic in Southampton University Hospital, and again uses data collected from that 

clinic and derived from the medical literature.  

 In the terminology of Chahal and Eldabi (2008), this is an integrated hybrid model. The different 

components of the model are coded and linked within the same software environment. There is “seamless 

transition between the different paradigms within the model”, i.e. the linkage is handled automatically by 

AnyLogic and the ABS, DES and SD routines are called dynamically at runtime rather than in a 

predetermined pattern. However in my view even this level of integration this is still not quite the 

“nirvana state” where it is impossible to tell where one paradigm ends and another begins.  
 

5 ANYLOGIC 

 Like Netlogo and Repast, AnyLogic has its roots in computer science. It was originally developed by 

Russian computer scientist Andrei Borshchev in the early 1990s, but has only really gained widespread 

popularity for OR modelling in the last decade. Similar to the successful strategy of Simul8 (www. 

Simul8.com) in the 1990s, to offer a free student version to all universities that had a site license so that a 

whole generation of students could use it and then take it with them into their future employment, a free 

PLE (Personal Learning Edition) version of AnyLogic is now available for students (or anyone!) to 

download. As a result AnyLogic is increasingly being used by students and researchers alike. It is 

obviously way beyond the scope of this tutorial to provide anything more than a cursory introduction to 

AnyLogic, but anyone interested in having a play with it is recommended to download the PLE, and work 
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through a few of the examples provided in the free textbook “AnyLogic in Three Days” by Ilya Grigoryev 

(2014), which is free to download.  

In the tutorial session, I will lead a hand-on session to demonstrate AnyLogic. The software runs on 

MS Windows, Mac OS and Linux. Before the session (or even during!) please download and install the 

free PLE version from https://www.anylogic.com/downloads/personal-learning-edition-download/. It is 

quite a large file, so downloading before the session is advisable… 

 

6 CHALLENGES IN USING HYBRID SIMULATION 

We have already noted that combining simulation paradigms has many advantages in modelling real-

world problems. However, these benefits come at a price. As we have seen, hybrid simulation can involve 

learning new software or writing bespoke code: or in many cases, making simulation packages do things 

they were not designed to do. Many DES tools now incorporate SD-like features, and vice versa, but they 

have their roots firmly within one particular paradigm. It is not quite as simplistic as “when all you have 

is a hammer, every problem is a nail” but experienced users of DES, say, will tend to conceptualise 
problems as stochastic queuing networks, whereas experienced users of SD will conceptualise the same 

problems as feedback systems. Robinson and Morecroft (2006) illustrate this perfectly in their two totally 

different models of the same problem, declining fishery stocks. Arguably, DES modellers and “system 
dynamicists” simply see the world in a different way! This paper has been highly influential on my own 

thinking that a model that truly integrates the distinctive philosophical and conceptual viewpoints of DES 

and SD is indeed the Holy Grail.  

 AnyLogic is the first tool which has started from an “agnostic” basis and allows the user to use DES, 
ABM and SD all within the same environment. Uniquely, Anylogic embodies a philosophy in which the 

modeller does not have to begin by thinking “Is this a DES problem, an ABM problem or an SD 
problem?” Of course there are not “DES problems” in the real world, just problems …   

 Otherwise, developing hybrid models involves a great deal of expert coding. This may be from 

scratch in a standard programming language (which is how I developed my own DES models back in the 

1990s), or using an open-source ABM tool such as Repast Simphony (https://repast.github.io/) which 

permits the user to write additional DES code, or in one of the commercial-off-the-shelf (COTS) packages 

which permit a degree of cross-paradigm modeling. Neither of the two options are straightforward for the 

novice user and all require programming skills. Indeed, even AnyLogic requires a degree of familiarity 

with Java, and moreover, in my experience (Brailsford et al., 2013) there will still be times when an 

experienced user of (say) DES will be frustrated by its relative lack of functionality compared with a 

conventional DES package. There is a price to be paid for being “jack of all trades”. Obviously, these 

mainstream DES tools have had many years start on AnyLogic, and so the comparison may not be a fair 

one.  One conclusion from this is that there is undoubtedly an overhead to building hybrid models, both 

in development time for the conceptual model and also in the level of programming skill required. We are 

still some way away from the day when a novice user can develop a hybrid model, which runs, entirely by 

drag-and-drop in a graphical user interface, as they can today in a tool like Simul8.  

   

7 CONCLUSION 

Software maturity is highly relevant. As yet, hybrid simulation is not routinely used by practitioners: most 

models are developed by academic researchers, sometimes for genuine practical reasons but often just out 

of curiosity. AnyLogic is gradually changing this, as anyone who visits their website and looks at their list 

of clients can see, but it will not happen overnight. Maybe in ten years’ time, when a new generation of 
students have left university having been taught simulation using only AnyLogic, and will ask their 

employers to buy it, things might be different. However today, the decision to develop a hybrid model 

should not be taken lightly, especially in a consultancy setting where there is a client who needs a quick 
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answer. Additionally, design of experiments and interpretation of results becomes far more complicated 

in a hybrid model, where each submodel can be experimented with on a standalone basis and the total 

number of joint experiments with all submodels included increases exponentially with the number of 

models (Viana, 2014). Verification and validation of hybrid models are considerably more difficult than 

in a single-paradigm model, and more research is clearly needed here. 

 To summarise: suppose you are faced with modelling a problem which has features which suggest 

DES alone may not be capable of capturing everything. If you are an experienced DES modeller and are 

very familiar with one particular software tool, try that method alone first and only use a hybrid if you 

find it is impossible to capture some aspects in a sensible way. Given the relative maturity of DES 

software, there is a good chance that you will be able to model the required features within the DES 

environment, using the facilities of the software and with only a small amount of additional coding. 

Moreover, the full battery of analysis tools standard in such packages (optimization, automatic calculation 

of the number of iterations, variance reduction, output display tools and so on) will be at your disposal. 

On the other hand, if you are an experienced SD modeller, the same applies but to a lesser extent. There is 

a smaller choice of software tools, but most modern SD software does have some capability to model 

queues, processes and activities that are probabilistic in duration, and even agent-like properties. For 

example Ventity(http://vensim.com/vensims-new-partner-ventity/) is an object-oriented tool which has its 

roots in Vensim, but appears to be closely aligned with ABM. Ventity supports entities, attributes and 

actions, providing for discrete events like the dynamic creation and deletion of entities.  

 I strongly believe that in the long run, hybrid simulation will lead to more useful models that better 

represent the real-world problem and provide better solutions. Currently, in my experience, building 

hybrid simulation models is still quite challenging, and there are relatively few real-world examples of 

models that are used in practice, although I am sure this will change in future. In conclusion, and bearing 

in mind that I am not getting paid for promoting AnyLogic, it is definitely worth giving the free version a 

go!  
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ABSTRACT 

The purpose of this paper and associated workshop is to share perspectives on conducting appropriate V&V for 

simulation, so as to facilitate the delivery of ‘fit for purpose’ advice to the customer. This paper provides an 

overview of UK government advice for achieving this and presents emerging perspectives on how this advice may 

be enhanced. The purpose of the associated workshop is to briefly summarise the current situation and provide foci 

for discussion to stimulate sharing as to how this advice could best evolve, for the benefit of simulation in 

Operational Research (OR).  
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1 INTRODUCTION 

This paper discusses the why, what, how and so-what of V&V for simulation from the perspective of 

published UK government advice and the future direction this may take, in order to stimulate debate on 

how this could be made even better for the purposes of simulation in OR. 

In overview the basis of current UK government advice on V&V for simulation can be summarised as 

follows: 

 Why V&V? Failure to either ‘work in the right way’ (the subject of verification) or the 

consequent failure to produce ‘work that is right' for its intended purpose (the subject of 

validation) fails to generate the quality and / or timeliness of advice that the customer rightly 

expects (HM Treasury, 2015A). 

 What does V&V involve? To work in the right way (verification) is to work to the mandated 

standards agreed for the work, taking appropriate account of the supporting advice that is 

available. The extent to which this has produced work that is right for its intended purpose is 

then tested (validation) and the findings reflected upon (HM Treasury, 2015A; HM Treasury, 

2015B). Work can be declared ‘fit for its intended purpose’, ‘fit with noted reservations’ or 
‘unfit’ in its current form. In simulation for OR, V&V is applied to: the production of code 
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artefacts; production and processing of supporting data; and the generation and delivery of 

consequent insight to the customer (Glover, 2014). 

 How is V&V conducted? Just like any other auditable process, all that is required is to: ‘say 
what you do’; ‘do what you say’; provide accepted forms of proof that this is so; and for the 
work and the means of conducting it to be agreed to be appropriate by a credible range of 

independent reviews (Glover, 2014). 

 So-what is gained from V&V? V&V of simulation for OR is a collaborative process. It is 

conducted through drawing upon the expertise of a range of perspectives including those of 

researchers, software professionals, stakeholders and other relevant expertise. V&V identifies 

the extent to which this broader community is content with the basis, conduct and findings of 

simulation work (Kleindorfer et al, 1998). 
 

2 PHILISOPHICAL PERSPECTIVES 

If what we have described in the Introduction is V&V then what could possibly go wrong? ‘The Sword of 

Damocles’ hanging over all such work is what has been characterised as the ‘Quality of Outcome’ 
(Robinson, 2002; Robinson and Glover, 2014; HM Treasury, 2015A; Robinson and Glover, 2016). 

The quality of outcome typically goes through two phases of maturation. The first phase is the 

perceived quality of the work at time of delivery, which is in turn based on perceived utility built upon the 

quality of the journey undertaken by analysts, stakeholders and the commissioner (Glover 2014; HM 

Treasury, 2015A). The second and arguably more important phase is actual utility. 

The advantage to be derived from such concern is that it provides strong motivation to fully engage 

with customers and stakeholders and deliver a quality experience from which all learn as a result of 

mutual engagement with ‘the evidence’. The issue here is that we are all ‘purposeful’ concerning those 
things in which we engage, with related but different specific aspects of intent. This is complicated by our 

different prior experiences (customer, stakeholders and analysts) leading to different ways of constructing 

our world views (Jackson, 2003: 257-261). 

These realisations are encapsulated in the observations on “possible meanings, theories and tentative 

models” (Box, 1976) leading to concerns about how perceptions on what constitutes evidence to be 
engaged with are theory laden (Kleindorfer and Ganeshan, 1993). Which in turn leads to concerns about 

the extent to which our constructions of the world are interim, contingent (Cartwright, 1980; Cartwright, 

1999; Cartwright, 2001) and hence advice to focus on ‘fitness for purpose’ (Robinson and Glover, 2014; 

Glover, 2014; HM Treasury, 2015A; Robinson and Glover, 2016). 

 

3 ADVICE FROM MACPHERSON 

The formal development of pan-government advice on V&V to support Quality Assurance (QA), 

followed problems in the award process for the InterCity West Coast mainline franchise by the 

Department of Transport (DfT) in 2012 were well publicised. This led to a multi-disciplinary review 

headed by Sir Nick Macpherson, Permanent Secretary at the Treasury which investigated the quality 

assurance of analytical models that inform policy across government. Although the Macpherson review 

was commissioned initially as a response to the InterCity West Coast mainline decision, its scope was 

deliberately pan-Government in order to consider any systemic issues and also to identify best practice 

that could be articulated and promulgated. Its final report was published in March 2013 (HM Treasury, 

2013). 

Overall, the review found good signs in Departments’ current practice on QA. These included the 

broad spread across departments of important basic quality of content techniques like code checking and 

verification, internal peer review, and the extent of internal guidance. Taken together, this indicated that 

key elements of QA were already being widely and appropriately applied. Despite this, the review 
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identified significant variation in the type and nature of QA used within, and between, departments. Much 

of this was to be expected given the differences in organisations’ remits, and the levels of risk in question. 
However, it was not certain that this is always the case and the review’s work highlighted the benefits of a 
more systematic approach to creating a work environment that expects high quality QA – including 

allocating clear responsibility and giving specialist staff adequate time to manage QA effectively.  

In broad terms, the review concluded that most components of best practice in QA fall under two 

headings: modelling environment, and modelling process. In particular: 

 Environment: creating the conditions in which QA processes to deliver quality of the outcome can 

operate effectively, including through a culture that values QA and welcomes challenge, a well 

understood chain of responsibility and sufficient time for QA. It also requires adequate capacity, 

including specialist skills and sufficient time to conduct QA effectively. 

 Process: establishing a clear process for every stage of the model life-cycle. This includes addressing 

quality of process issues through working alongside the customer to ensure there is a shared 

understanding about the purpose and any limitations of the model or models used. It is also about a 

systematic approach to make QA accessible, easy and comprehensive. This requires clear guidance on 

QA and clear documentation for every model. 

In addition the importance of visible leadership at the top of each organisation was noted in order to 

create a culture that expects high quality QA and to support senior-level challenge. This is discharged 

within Dstl by having a Board-level Modelling Champion supported by senior Subject Matter Experts 

within Dstl’s individual Divisions (of which Alan Robinson is one). 

The emphasis of the review was on those models that were assessed to be business critical, for 

example due to the extent to which the model drives key financial and funding decisions and thus where 

error could lead to serious financial, legal or reputational damage. However, all models and modelling 

activities need an appropriate level of QA and supporting V&V; this needs to be proportionate to the 

decision being supported and any resultant risk associated with error or uncertainty. Key advice on the 

documentation to support V&V of simulation models is provided in Annex C of the Macpherson review 

(HM Treasury, 2013). 

 

4 ADVICE FROM THE AQUA BOOK 

The Analysis QUality Assurance (Aqua) book (HM Treasury, 2015A) was developed in response to the 

need for the more systematic approach to creating a work environment that expects high quality QA 

across governments and its supporting organisations, identified in the Macpherson review (HM Treasury, 

2013). While the Aqua book focus on QA is thus more broadly focused than V&V for simulation, the 

perspective provided by the Aqua book (HM Treasury, 2015A) and its supplementary information on 

V&V (Glover, 2014) is intended to also be taken account of when conducting V&V for simulation 

(Robinson and Glover, 2016). 

The key principles set forth in the Aqua Book are: 

 Proportionality, in order to appropriately support management of the risk associated with the 

intended usage of analysis work; 

 Continuous assurance, delivered throughout the analysis process and supported by the 

recommended development of a number of key assurance products (Glover (2014)); 

 Verification and Validation (Glover (2014)); 

 Analysis with RIGOUR
1
, so as to position the analysis and its context holistically and thereby 

understand how much we can rely upon analysis for a given purpose. 

                                                      
1
 The mnemonic RIGOUR was originally coined by Graham Mathieson, but has since been reworked for 

the Aqua book so as to better take account of the Post-Modernist critique (Jackson (2003) pp 257 – 261) 

in order to achieve an appropriately holistic point of view. RIGOUR stands for Repeatable, Independent 

analysis, that is Grounded in reality, so as to be Objective, Uncertainty managed and Robust. 
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A number of approaches to support have been recommended in support of the RIGOUR mnemonic so as 

to achieve an analytical transparency from a simulation project (Glover, 2014; Robinson and Glover, 2016): 

 Repeatable: Analytical Estimate
2
; Master Data and Assumptions List; Technical Reporting. The 

key issue being resolved by this documentation is to appropriately map the assumptions necessary 

to deliver the required pace of the work. 

 Independent analysis: Concept of Analysis. Setting out the purposes of the analytical means being 

used to conduct the analysis and the role of the simulation aspects within this scheme. 

 Grounded in reality: Verification and Validation Logbook. Setting out the case by which it is 

claimed that the simulation work has been verified, demonstrating that it has been done in the 

right way and validated, setting out the claim that the right work has been done. 

 Objective: Reflective Journal. Mapping the evolving understanding of those in the analyst role 

such that emergent evidence from the work can be noted, apparent ambiguities engaged with and 

as far as possible understanding resolved. 

 Uncertainty managed: Presentations, Key Summaries for the Busy Reader. Drawing out the key 

things that the decision maker needs to know, both in terms of findings and also remaining parts 

of the associated risk space (typically expressed as other contributory factors) which they need to 

understand and own. 

 Robust: Customer Reporting. Formally capturing both the boundaries of the simulation work and 

what has been determined in order to assist the decision making. 

 

5 WAY AHEAD 

Further supplementary advice to support the Aqua book and prepare the way for the second edition of the 

Aqua book is currently being developed. Attending the associated workshop that this paper sign posts 

provides you a chance to influence the direction this work takes with respect to V&V for simulation. 
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ABSTRACT 

We introduce agent-based modelling in this tutorial paper. We introduce the concepts of agent, emergent behaviour, 

and show these concepts in three different agent-based models. 
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1 INTRODUCTION 

Agent-based modelling makes up the third simulation technique, alongside system dynamics and discrete 

event simulation. Agent-based modelling can be thought of as a more general modelling technique than 

SD or DES, in that results from models using these techniques can be replicated (although not always 

exactly) using ABM in the process of docking. However, this comes at a cost of less parsimonious 

modelling specification, and agent-based models can be less intuitive in that they still require 

programming to produce all but the simplest agent-based models. 

2 AGENT-BASED MODELS: FUNDAMENTALS 

Agent-based models are a form of simulation model, where individual components of the system are 

modelled. However, these components – or agents – can have autonomy. They can take into account the 

environment, or the interactions with other agents, in order to allow their behavior to adapt. Unlike SD 

models, where the movement of objects through a system is not explicitly modelled, ABM uses these 

agents as the building blocks of the simulation: it is a bottom-up rather than top-down methodology. And 

unlike DES, agents within an agent-based model can have autonomy rather than being directed through a 

system by a controller. 

 This tutorial will introduce three agent-based models to show the fundamental building blocks of an 

agent-based model. 

2.1 The Agent: Autonomy 

Agents are the fundamental components of agent-based models. These are (or can be) autonomous, in that 

their behaviour is controlled by the agent themselves, rather than being directed: they can ‘think’ for 
themselves. As such, the use of agent-based models has been used by researchers in several disciplines to 

model social behaviour as well as the behaviour of physical systems. 

 ‘Thinking’ in an agent-based modelling context is a term that encompasses the ability of agents to 

respond to stimuli; it does not necessarily mean that the agent has cognitive ability. Take for example the 

interaction of three masses that experience gravitational or electrostatic attraction to each other. In each 
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case, the bodies – or agents – follow forces proportional to the inverse of the square of the distance 

between the objects. In an agent-based model, the direction of the force vector could be computed by each 

agent and the resulting direction of movement calculated. In this case, however, the agents do not have 

cognition, they merely respond to the force vector to which they are exposed: the masses do not know the 

location of the other masses, and therefore cannot be expected to take this into account when reacting to 

their position. Agent-based modelling is concerned with modelling the social, physical, psychological, 

behavioural ‘forces’ that affect the state or actions of an individual. 
 Agents within agent-based models are autonomous, in that their behaviour is modelled as being 

controlled by the agent themselves without any over-arching controller of the system: in this way, the 

macro-level model behaviour in built up from the individual actions of the agents that collectively 

comprise the system. 

2.2 Emergence 

An early use of agent-based models was to model the spatial interaction of birds. One can observe the 

phenomenon of flocking in bird populations, but the modelling of this using conventional simulation 

techniques is difficult. Reynolds (1987) attempted to model the flocking behaviour not by modelling the 

entire flock, but by simulating each individual bird. These birds do not have access to information about 

the position, speed, and direction of each bird in the population, but only about their local neighbourhood, 

parameterized by a radius and angle of observation. By imposing simple rules on the behaviour of 

individual birds, namely separation (steer to avoid other birds); alignment (steer towards to the average 

heading of birds within the local neighbourhood); and cohesion (move towards the position of birds 

within the local neighbourhood), ‘lifelike’ flocking behaviour is simulated. 
 

  
(a) Start of Simulation (b) During the Simulation 

 

Figure 1 Flocking Model showing Emergent Flocking Behaviour 

 

 In Figure 1, birds are initially positioned at random on the space (note that the space wraps around so 

that agents can spill over from the left to the right; from the top to the bottom, or vice versa – this is a 

torus, a common topology for agent-based models in that it avoids hard boundaries and the necessity of 

modelling what happens at these boundaries). These bird agents then follow simple rules that take into 

account their local observations, which then leads to the system-wide emergent property of flocking. 
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2.3 Bounded Information 

In the flocking model above, agents need not (and generally do not) have full information about the state 

of the system: they tend to be myopic, in that their knowledge of the system is local. This leads to 

boundedly rational behaviour (i.e. their behaviour may have been different if they had full information). 

As such, this can lead to interesting outcomes. 

 In Schelling’s (1971) model of segregation – generally accepted as one of the first agent-based 

models, individuals in a city determine whether they are happy or unhappy based on the number of 

neighbours who are the same colour as themselves. Agents – who have a property of colour - are first 

arranged randomly on a grid. A model parameter determines the threshold at which agents are happy: 

each agent calculates the proportion of their neighbours who are a different colour to them: if this is above 

the threshold value, the agent moves to a vacant space, as shown in Figure 2 
 

  

Figure 2 Schelling’s Segregation Model (images from duncanrobertson.com) 

 

 Schelling’s model is important in that it demonstrates that macro level behaviour can come from 

micro level interactions. In particular, the agents self organize into colour segregated clusters without the 

need of a central planner. In particular, if the threshold value is below 50%, i.e. agents are happy to be in 

a local minority, segregation still forms. This behaviour cannot readily be modelled using traditional 

techniques. 

2.4 Applications in Management 

There are several applications of agent-based modelling in business. Within the strategy field, individual 

firms’ strategies can be modelled, and the effect on the business landscape and other firms’ strategies can 
be modelled. Robertson (forthcoming) and Robertson and Caldart (2010) set out a model of interacting 

firms by using an agent-based model to show how strategic movement of one firm deforms the fitness 

landscape which in turn alters the strategic movement of other firms. 
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Figure 3 Robertson’s Dynamic Competition Model (image from Robertson (forthcoming)) 

 

3 CONCLUSION 

The concepts of emergence and self-organization are best demonstrated by the use of agent-based models. 

The models introduced in this tutorial other models will be introduced in the SW18 workshop, which is 

intended to be an interactive session where models can be developed interactively with workshop 

participants. 
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ABSTRACT

Uncertainty is present in industrial sectors such as transportation and production logistics, supply chain management,

computer and telecommunication networks, or economics and finance. Thus, in order to cope with their stochastic

components, simulation methods and techniques are frequently employed in the analysis of complex systems related

to these sectors. However, simulation is not an optimization tool, so it needs to be combined with optimization

methods whenever the goal is to maximize the system performance or to minimize the associated costs. A large

number of these real-life optimization problems are N P-hard and large scale in nature, which makes it necessary

the use of metaheuristic approaches to solve them in an efficient way. This paper provides an introductory tutorial

to simheuristic algorithms, i.e.: the combination of simulation methods with metaheuristics to efficiently deal with

stochastic optimization problems. After motivating the need for simheuristics in today’s world and reviewing some

related work, a series of key methodological and computational aspects are discussed in detail. Then, several

examples of application to different industries are provided. The paper also describes open research lines and future

trends in this emerging area.

Keywords: Simulation, Combinatorial Optimization, Metaheuristics

1 INTRODUCTION

Due to the existence of uncertainty, simulation methods and techniques are frequently employed to study

complex systems and processes in industrial sectors such as computer and telecommunication networks,

transportation and production logistics, supply chain management, or economics and finance. Typically,

these systems and processes are modeled and then simulated in a computer to get insights on their

performance under different configurations (scenarios). In fact, with the increasing advances in computing

hardware and software, simulation has become a ‘first-resource’ method for analyzing complex systems

under uncertainty (Lucas, Kelton, Sanchez, Sanchez, and Anderson 2015). Simulation, however, is not an

optimization tool. Thus, whenever a decision maker aims at finding an optimal configuration for a system

(e.g., a routing plan that minimizes distribution costs, a manufacturing schedule that minimizes production

times, or a combination of assets that minimizes risk in an investment portfolio), he or she requires the use

of optimization modeling and solving methods. Often, the associated optimization problems are addressed

by assuming deterministic inputs and constraints, which allows to simplify them but at the cost of not

considering the real-life uncertainty that characterizes these systems (e.g., random processing and traveling

times, stochastic customers’ demands, random returns on investments, etc.).

As pointed out in Figueira and Almada-Lobo (2014), simulation-optimization (SO) methods are designed

to combine the best of both worlds in order to face: (i) optimization problems with stochastic components;
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and (ii) simulation models with optimization requirements. Among these SO methods, simheuristics is a

promising approach for solving stochastic optimization problems (SOPs) that are frequently encountered

by decision makers in the aforementioned industrial sectors. Real-life optimization problems are often

N P-hard and large-scale in nature, which makes traditional exact methods inefficient to solve them –at

least in reasonable computing times. Thus, the use of heuristic and metaheuristic algorithms to obtain

near-optimal (or at least ‘good’) solutions in low computing times is required. Accordingly, simheuristic

algorithms integrate simulation methods inside a metaheuristic optimization framework to deal with real-

life SOPs (Juan, Faulin, Grasman, Rabe, and Figueira 2015). Hybridization of simulation techniques with

metaheuristics allows us to consider stochastic variables in the objective function of the optimization problem,

as well as probabilistic constraints in its mathematical formulation. Thus, the simulation component deals

with the uncertainty in the model and provides feedback to the metaheuristic component in order to guide

the search in a more efficient way. Notice also that, when dealing with SOPs, performance statistics other

than the expected benefit or cost must be taken into account: while in deterministic optimization one can

focus on finding a solution that minimizes cost or maximizes profits, in a SOP it is not enough to search for

a solution that minimizes expected costs or maximizes expected profits. Due to the stochastic nature of the

solutions, properties such as the standard deviation or the quartile distribution of the values associated with

each candidate solution might be necessary to take an informed decision. The simulation component can

provide all these statistics, thus allowing for the introduction of risk analysis criteria during the assessment

of alternative high-quality solutions. Moreover, as it will be discussed in this tutorial, the integration

of simulation techniques with metaheuristic algorithms is relatively simple, which makes simheuristic

algorithms a useful method for solving SOPs. Accordingly, we support the idea that researchers from the

optimization community should always integrate simulation in their work when solving N P-hard OPs

in environments where uncertainty is present.

The remaining of the paper is structured as follows: Section 2 offers an overview of related work;

Section 3 discusses some methodological aspects related to simheuristic algorithms, while Section 4 takes

care of the computational ones; Section 5 provides examples of applications to different industrial sectors;

Section 6 analyzes several challenges and research lines yet to be fully explored; finally, Section 7 highlights

the main conclusions of this paper.

2 RELATED WORK

As discussed in Ferreira (2013), the combination of metaheuristics with other solving approaches is

becoming popular as a good procedure to deal with complex OPs. Some seminal works on the combination

of simulation with metaheuristics are reviewed in Bianchi, Dorigo, Gambardella, and Gutjahr (2009). Still,

to the best of our knowledge, it was the work of Glover, Kelly, and Laguna (1996), Glover, Kelly, and

Laguna (1999), and April, Glover, Kelly, and Laguna (2003) the one that popularized the combination of

simulation with metaheuristics. These authors were the promoters of OptQuest, a ‘black-box’ optimization

software which is currently integrated into several commercial simulation packages (Eskandari, Mahmoodi,

Fallah, and Geiger 2011). Typically, in this software a discrete-event or Monte Carlo simulation model

is generated for a given system and then the parameters of interest are optimized (Kleijnen and Wan

2007). However, as discussed in Hubscher-Younger, Mosterman, DeLand, Orqueda, and Eastman (2012),

it is not always possible to apply this software out-of-the-box and, instead, it needs to be adapted to the

specific characteristics of the problem. Thus, other more flexible and ‘white-box’ solutions have also been

proposed by researchers in the optimization community. In particular, Juan, Faulin, Grasman, Rabe, and

Figueira (2015) introduce the term ‘simheuristic’, describe the fundamental concepts behind this hybrid

methodology, and review some practical applications in the fields of transportation, logistics, health care,

production and telecommunication systems. Similarly, Grasas, Juan, and Lourenço (2016) discuss how the

well-known iterated local search metaheuristic framework can be extended into a simheuristic framework

able to cope with SOPs in an efficient way. In fact, as it shown in Ferone, Festa, Gruler, and Juan (2016)

other metaheuristic frameworks can be easily extended to simheuristics too.
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Figure 1 Comparison of different OR approaches.

3 METHODOLOGICAL ASPECTS

Figure 1 shows a visual comparison of different Operational Research (OR) approaches, and how they

perform in each of the five considered dimensions: (i) capacity to generate optimal solutions (optimality); (ii)

flexibility in modeling complex systems (modeling); (iii) capacity for modeling uncertainty (uncertainty);

(iv) computing time required to provide the requested output (computing time); and (v) capacity for

dealing with large-size instances (scalability). Notice that, by employing simulation methods, simheuristic

algorithms aim at improving the performance of classical metaheuristics in the ‘modeling’ and ‘uncertainty’

dimensions. In both dimensions, as well as in computing times and scalability, can also outperform exact

methods.

Since real-life OPs are frequently addressed with the use of metaheuristics, it seems logical to consider a

combination of metaheuristics and simulation techniques to deal with real-life stochastic OPs. A simheuristic

algorithm is just a particular SO approach oriented to efficiently tackle an OP instance that typically contains

stochastic components. These stochastic components can either be located in the objective function (e.g.,

random customers’ demands, random processing times, etc.) or in the set of constraints (e.g., customers’

demands that must be satisfied with a given probability, deadlines that must be met with a given probability,

etc.). In particular, a simheuristic algorithm is aimed at solving a combinatorial optimization problem of

the form:

Minimize f (s) = E[C(s)] or Maximize g(s) = E[B(s)] (1)

Subject to:

P(qi(s)≥ li)≥ ki ∀i = 1,2, . . . ,n (2)

h j(s)≤ r j ∀ j = 1,2, . . . ,m (3)

s ∈ S (4)

where:
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Figure 2 Basic scheme of a simheuristic framework.

• S represents the space of possible solutions s associated with the optimization problem.

• C =C(s) represents a stochastic cost function –alternatively, B(s) represents a stochastic profit or

income function.

• E[C(s)] represents a probabilistic measure of interest associated with the cost function, e.g.: the

expected value of C(s).
• Equations 2 represent probabilistic constraints related to the problem, e.g.: the probability that the

service quality q(s) reaches a given threshold l is above a user-defined value k.

• Equations 3 represent typical constraints in deterministic OPs.

Simheuristic approaches assume that, in scenarios with moderate uncertainty (variance), high-quality

solutions for the deterministic version of an OP are also likely to be high-quality solutions for its corresponding

stochastic version –of course, this does not imply that the best solution for the deterministic OP has to

be the best solution for the stochastic version. Notice that, in most practical applications, this assumption

seems to be reasonable. Also, notice that in scenarios with extreme uncertainty levels, individual outcomes

can be extremely diverse and, therefore, it might make no sense to optimize traditional measures –such as

the expected cost– in those cases. This ‘relationship assumption’ allows us to generate several ‘promising’

solutions for the stochastic OP through the generation of a number of high-quality solutions for the

deterministic OP. As depicted in Figure 2, given a stochastic OP instance, its deterministic counterpart is

considered. This can be done, for instance, by replacing all random variables by their expected values,

which is clearly optimistic (since it considers no uncertainty). Then, a metaheuristic-driven algorithm is

run in order to perform an efficient search inside the solution space associated with the deterministic OP.

This iterative search process aims at finding a set of high-quality feasible solutions for the deterministic

OP.

During the iterative searching process, the algorithm has to assess or estimate the quality (or feasibility)

of each of these ‘promising’ solutions when they are considered as solutions of the stochastic OP instance.

One natural way to do this is by taking advantage of the capabilities that simulation methods offer to manage
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randomness. Randomness can be modeled throughout a best-fit probability distribution –either theoretical

or empirical– without having to assume a Normal or Exponential behavior as other methods do. It should

be noted that during the interactive searching process only ‘promising’ solutions (i.e., those that perform

well in the deterministic environment) are sent to the simulation component. The estimated values provided

by the simulation can then be used to keep a ranked list of elite solutions for the stochastic problem. They

can also provide feedback to the metaheuristic so that it intensifies exploration of promising searching

areas. Once the computational time assigned to the iterative searching process has expired, a set of ‘elite’

solutions are provided. A remarkable fact is that simulation runs can also be used to obtain additional

information on the probability distribution of the quality of each solution. This complementary information

can then be used to introduce risk analysis criteria in the decision-making process. In effect, since the

objective function is stochastic, a decision maker might not only be interested in obtaining the solution that

optimizes its expected value (or another specific measure of interest), but he/she might be also interested in

analyzing the probability distribution of the values generated by several alternative solutions with similar

expected values. This risk analysis capability is one of the major advantages that simheuristics (and other

simulation-based approaches) can offer in a natural way due to the ability of metaheuristics to generate a

plethora of high-quality alternative solutions and also due to the ability of simulation to provide a random

sampling of observations for each proposed solution. A final aspect that deserves special attention is the

the potential use of the best solution found by the metaheuristic for the deterministic version of the OP. In

real-life systems, it is usual the case that the higher the uncertainty level the higher the system expected cost

is. In those cases, it is possible to use the value det(s∗) of the near-optimal solution s∗ for the deterministic

version of the problem as a lower bound for the value stoch(s∗∗) of the optimal solution s∗∗ for the stochastic

version. Also, notice that whenever s∗ is applied in a stochastic environment, its value stoch(s∗) is an

upper bound of the optimal solution for the stochastic version, i.e.: det(s∗)≤ stoch(s∗∗)≤ stoch(s∗).

4 COMPUTATIONAL ASPECTS

In some real-life decision-making processes, time is a critical factor. Thus, for instance, after a period of

flight disruption, airlines need to quickly re-assign aircraft, crews and passengers so the latter can reach their

destination with the minimum possible delay. Likewise, once the daily orders are known and new data on

the city traffic is available, managers of logistics services must quickly re-design their routing plan so that

the daily distribution process is as efficient as possible. Similarly, telecommunication networks providing

communication and computing services to their mobile users need to quickly re-allocate resources as their

users’ demand or geographic position vary. Examples could be found in almost any OR application area.

Therefore, as well as having to cope with large-scale, dynamic, and stochastic environments, decision-

makers might also need to do this under time constraints. This fact has to be taken into account, since

simulation methods can be quite demanding in terms of computing times. For this reason, how simulation

is effectively integrated into the metaheuristic framework might depend on the specific characteristics of

the SOP being addressed. In general, however, one has to be careful not to let the simulation jeopardize

the computing time given to the entire simulation-optimization process, since then the metaheuristic would

not perform a good job in searching the solution space. For that reason, it is typical to use a three-stage

approach in a simheuristic algorithm (Figure 3).

First, we integrate the simulation component into the metaheuristic framework in such a way that only

‘fast’ simulation runs are executed. In other words, during that stage each simulation is run only a limited

number of times in order to obtain rough estimates of the stochastic parameters of interests (e.g., expected

cost associated with a given solution). Moreover, simulations are not run over each new solution generated

by the metaheuristic component, but only on those solutions that can be considered as ‘promising’ (e.g.,

solutions with a good deterministic performance). This way, a reduced set of ‘elite’ stochastic solutions

(those performing better according to the selected parameter or parameters) are identified. It is important

to notice that, during this stage, simulation is not only used as a natural way to estimate the system

parameters, but it also can provide valuable information to the metaheuristic component, so the searching
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Figure 3 Typical approach in a simheuristic framework.

process is simulation-driven (e.g., by updating the current solution of reference according to its stochastic

value instead of to its deterministic one). In a second stage, the top stochastic solutions identified in the

previous stage are sent throughout a new simulation process, this time using a much larger number of

iterations in order to obtain more accurate estimates of the desired parameters. The specific number of

iterations might be given by error measures such as the confidence intervals of the chosen parameters and,

of course both in the previous stage as in this one some variance-reduction methods -e.g., common random

numbers- can be employed in order to reduce the number of runs necessary to reach the desired accuracy

level. Finally, a third stage is proposed in order to complete a risk analysis on the selected solution. As

discussed before, other dimensions rather than the expected value of the stochastic solution need to be

considered in a stochastic environment. The reason is that a solution with a low expected value could also

show more variability than other alternative solutions. Consequently, the decision maker would need more

information to decide which solution to choose based on her/his utility function and aversion to risk.

Figure 4 depicts a typical situation in which alternative solutions provided by the simheuristic show

different behaviour in terms of each of the dimensions (parameters) considered. In this case, notice that

three alternative solutions are plotted; each of these offer the best value in terms of expected or average

cost, third quartile or standard deviation. Of course, thanks to the information provided by the simulation,

it is also possible to consider more dimensions (e.g., different quartiles) as well as to find intermediate

solutions between any pair of the plotted ones (i.e., solutions offering different trade-off values).

5 EXAMPLES OF APPLICATIONS TO DIFFERENT FIELDS

This section briefly reviews some recent applications of simheuristic algorithms in the solving of SOPs

in different OR-related areas. Thus, Juan, Faulin, Grasman, Riera, Marull, and Mendez (2011) propose a

basic simheuristic approach to solve the vehicle-routing problem with stochastic demands. An improved

algorithm for the same problem is introduced in Juan, Faulin, Jorba, Caceres, and Marquès (2013), where

use of parallel and distributed computing techniques is also analyzed as a way to reduce computing
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Figure 4 Comparison of solutions according to different measures of interest.

times. Juan, Grasman, Caceres, and Bektaş (2014) propose a simheuristic algorithm for solving the

inventory-routing problem with stock-outs, while Juan, Barrios, Vallada, Riera, and Jorba (2014) present a

simheuristic approach for solving the permutation flow-shop problem with stochastic processing times. An

example of simheuristic application to distributed computer networks can be found in Cabrera, Juan, Lázaro,

Marquès, and Proskurnia (2014), where discrete-event simulation is combined with a simple metaheuristic

framework to optimize a very large, dynamic network of non-dedicated computers offering online services

over the Internet. Gonzalez-Martin, Juan, Riera, Elizondo, and Ramos (2016) use a simheuristic for solving

the stochastic arc routing problem. Grasas, Juan, and Lourenço (2016) discuss how an iterated local

search framework can be extended to deal with stochastic combinatorial optimization problems. Gruler,

Quintero-Araújo, Calvet, and Juan (2017) and Gruler, Fikar, Juan, Hirsch, and Contreras-Bolton (2017)

develop simheuristic approaches for supporting stochastic waste-collection management in urban areas, both

considering single and multi-depot versions of the problem. De Armas, Juan, Marquès, and Pedroso (2017)

extend a metaheuristic framework into a simheuristic to solve the uncapacitated facility location problem

with stochastic costs. Finally, Pagès-Bernaus, Ramalhinho, Juan, and Calvet (2017) apply a simheuristic

approach to the design of a distribution network in an e-commerce environment.

6 FUTURE CHALLENGES

Despite being a relatively new approach, simheuristic algorithms have been successfully applied to a wide

range of fields. From a methodological point of view, there are many open research lines which may

boost the efficiency and use of these algorithms. For instance, there is no scientific and generally accepted

approach or guidelines to set the number of scenarios. This decision is related to a trade-off between

computing time and accuracy of the estimates. However, there are ways to decrease the number of runs

without decreasing the accuracy such as integrating variance-reduction techniques. Another key element

in these algorithms that has not been intensively studied is the rules to decide when a solution is labeled as

’promising’ and thus is assessed by the simulation component. Obviously, the proportion of those solutions

depends on the computing time available and the computing time needed to assess a single solution. A fast

exploratory study may help to estimate the correlation between the measures of interest in the deterministic

and the stochastic environments, which can be used to set a value for the proportion.

In the context of a data deluge or revolution, it is highly interesting to explore the potential of data analysis

in optimization applications. There are many potential uses such as parameter fine-tuning, speeding-up

algorithms, and predicting promising search spaces. Moreover, integrating machine learning techniques

in metaheuristics constitute a natural approach for solving problems with dynamic inputs Calvet, Armas,
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Masip, and Juan (2017). Thus, the hybridization of simheuristics and machine learning is a suitable approach

to deal with the increasing stochasticity and dynamism of real-world problems. Finally, the use of machine

learning techniques may enhance the efficiency of simheuristic algorithms if used, for example, to set the

number of scenarios or to choose the rules to send a solution to the simulation component in a reactive

way learning from the previous solutions visited.

7 CONCLUSIONS

This tutorial has motivated the convenience of combining simulation with metaheuristics for dealing with

real-life optimization problems under uncertainty conditions. Pure simulation models are not enough to

optimize a complex system. Similarly, pure deterministic optimization methods do not allow to incorporate

random inputs and probabilistic constraints that frequently appear in most real-life decision-making pro-

cesses. As systems in sectors such as transportation and production logistics, supply chain management,

telecommunication networks, or finance become more complex and large-scale, the use of simheuristics

and other similar simulation-optimization approaches become necessary if uncertainty has to be taken into

account.

Integrating simulation into a metaheuristic framework can be done in multiple ways, but this paper has

highlighted some best practices, both methodological as well as computational, that have shown to be useful

in order to avoid common pitfalls. Thus, some recommendations are provided to assign a balanced amount

of computing time to the simulation component, to take full benefit from the simulation results to better

guide the metaheuristic search, and to make more informed decisions on candidate solutions by completing

a risk analysis based on the use of graphical statistical tools and multiple statistics. Current challenges

and open research lines have been also pointed out. In particular, the combination of simheuristics with

learnheuristics to deal with stochastic and dynamic optimization problems seems to have a huge potential.
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ABSTRACT 

System Dynamics (SD) is a unique modelling approach to simulation because it can be employed for qualitative and 

quantitative modelling. There are important tools and methods within SD that are able to accommodate qualitative 

modelling. Stocks and flows are the basic components of quantitative SD modelling but quantitative SD modelling 

shares many commonalities, e.g. empirically driven, validation and verification, and focus on outputs, with 

traditional simulation methods. This tutorial offers modellers aspects to consider when they want to use SD as a 

qualitative and quantitative modelling method.  

 

Keywords: System Dynamics, Qualitative modelling; Quantitative modelling. 

 

1 INTRODUCTION 

System Dynamics (SD) is considered both a quantitative and qualitative method for exploration and 

analysis of complex systems (Kunc 2017a). Quoting Lane (2000, page 4), “As a modelling approach, 
system dynamics has three characteristics. First is the concept of information feedback loops. These 

involve the collection of information about the state of the system, followed by some influencing action 

which changes the state of the system. These closed loops of causal links involve delays and non-

linearities as well as processes of accumulation and draining. The second characteristic is computer 

simulation. Although humans can conceptualize such loops, they lack the cognitive capability to deduce 

the consequent dynamic behaviour without assistance... Computer simulation is therefore used rigorously 

to deduce the behavioural consequences over time of the hypothesized causal network. The shifting 

interplay of loops means that different parts of a system become dominant at different times. Such 

behaviour is counterintuitive, and may be explored using simulation models. The third and last 

characteristic of system dynamics is the need to engage with mental models. The most important 

information about social situations is only held as `mental models', not written down. These mental 

models are complex and subtle, involving hard, quantitative information and more subjective, or 

judgmental aspects of a given situation... Hence, eliciting, debating and facilitating change in the mental 

models of decision makers can result in improved ways of managing a system. Modelling work must 

therefore be done in close proximity to problem owners, who are then able to see that their mental models 

are reflected in a computer model.” 

 Using SD qualitatively involves the use of tools such as causal loop diagrams (CLD) (see table 1 for 

an explanation), and in some occasions stocks and flow networks, without quantitative modelling is 

enough to provide insights for decision makers (Lane and Husemann 2008; Kunc and Morecroft 2009). 

Using SD quantitatively implies the development of a 5-step process (Sterman 2000) starting with a 

dynamic hypothesis about a structure responsible for the performance over time observed in the system  
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Table 1 SD Modelling Steps and Tools Used for Qualitative and Quantitative Perspectives (Table 1 in Kunc, 2017b; 

forthcoming) 

Basic steps for qualitative SD modelling Five stages for quantitative SD modelling  

Since the main objective of qualitative SD 

involves discovering the feedback loops, usually 

with clients through facilitated workshops, the 

main tool employed in qualitative SD modelling is 

CLD. The steps for developing CLDs are: 

 First, understanding the direction of causality 

between two variables is usual a source of 

important discussion among participants in 

facilitated model building. This is indicated 

by an arrow between both variables in a CLD. 

 Second, polarities indicate the relationships 

between two variables: a positive sign 

indicates that an increase or decrease in a 

variable causes an increase or decrease in the 

related variable. This information can be 

associated with two aspects: the first 

derivative of the related variable or the slope 

of the line in a regression equation where the 

related variable is the dependent variable. 

When the sign is positive, the first derivative 

is positive or the slope of the line is positive. 

If the sign is negative, a change in a variable 

will cause a change in the opposite direction 

in the related variable. Therefore, the first 

derivative is negative and the slope of the line 

is negative.  

However, it is important to highlight that SD 

models are based on causality not correlation 

between variables. 

 Third, feedback processes are formed by 

connecting multiple variables in a chain of 

cause-and-effect. The chain starts and ends in 

the same variable, or the outputs of a system 

are transmitted back as inputs. There are two 

types of feedback processes: “R” denotes a 
reinforcing feedback process so positive 

polarities are predominant, and “B” indicates 
a balancing feedback process where there are 

odd negative polarities. 

The modelling process for a quantitative 

model has five steps (Sterman, 2000).  

 The first step involves defining the 

boundary of the model through 

identifying the key variables, time 

horizon (past, present and future), and 

the reference modes (behaviour) of the 

key variables. 

 Secondly, modellers start describing the 

structure, using stock and flow diagrams 

or policy structures, to explain the 

reference modes.  

 The third step is the formulation of the 

model. Formulating the model implies 

specifying the stocks and flow and 

causal linkages between stocks, flows 

and auxiliaries variables in the 

modelling software. Then, equations are 

developed for each stock, flow and 

auxiliary variable and parameters, non-

linear functions and initial conditions 

are estimated or calculated from existing 

data. Finally, diagnostic simulations are 

performed to verify the consistency of 

the results.  

 The fourth step comprises extensive 

model testing in terms of dimensions, fit 

with historical behaviour of key 

variables, robustness under extreme 

conditions and sensitivity.  

 The final step is the design of policies 

and experimentation with the model 

through changes in parameters, feedback 

processes, ‘what-if analysis’ and 

decision rules. 
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followed by model formulation, testing and experimentation. Another important characteristic of SD is 

the suitability to model development using either isolated or participative model building processes. 

 SD can have three approaches to simulation. First, a descriptive mode called qualitative modelling 

which is aimed at describing the system without recourse to quantitative data. Second, a 

predictive/prescriptive mode related to its quantitative approach to obtain solutions. Third, SD modelling 

can also be considered a behavioural modelling method since it involves strong participation of the client 

on the definition of the model, measurement of the changes in behaviour during the project and 

representation of bounded rational decision makers in their models (Kunc, 2016). 

 

2 LITERATURE REVIEW 

2.1 A comparison between hard and soft perspectives in SD 

The next section discusses some authors’ perspectives on soft and hard SD. 

Table 2 A Comparison between Soft (qualitative) and Hard (quantitative) perspectives in SD. (Table 2 in Kunc, 

2017b; forthcoming) 

Author Soft Perspectives Hard Perspectives 

Forrester 

(1994) 

Understanding of an undesirable 

system behaviour drives the modelling 

process.  

The discussion of the understanding 

leads to an ideal future for the system by 

solving conflicting viewpoints. This 

perspective is contingent to the specific 

project and the owners of the problem. 

The most difficult step is the 

implementation of the recommendations 

since it involves education and debate 

across the people working in the system. 

A simulation model, based on stock and 

flow, eliminates the inconsistencies existing 

from a general understanding of the system.  

A model is a theory of behaviour and how 

some part of the real system works. Formulation 

implies theory building. 

Simulation models are employed for the testing 

of policy alternatives. However, automatic 

parameter searching (e.g. optimization) is 

limited because the best alternative arises from 

changing the structure of the system not 

optimizing it. 

Homer 

and 

Oliva 

(2001) 

A soft perspective, or systems 

thinking, is based on qualitative analysis 

without quantitative modelling. 

Qualitative analysis involves the use of 

CLDs to describe a system in more detail 

and lead to stand-alone policy analysis. 

The intention is to improve the thinking 

about a structure behind a problem. 

There is no development of dynamic 

hypothesis to explain the reference 

mode. 

Modelling is utilized to perform an 

empirical test of a hypothesis about the structure 

responsible for the performance over time 

observed in selected variables. Thus, modelling 

is aimed to comply with empirical traditions in 

social science 

CLDs are employed before the development 

of the model to define the causal mechanisms 

and they complement a quantitative model 

 

The soft perspective argues the value added is generated through the modelling process since models are 

made to organize, clarify and unify knowledge (Forrester 1987). When SD is employed qualitatively, the 

objective is to represent the system structure and communicate it to relevant stakeholders; then leading to 

a quantitative model (Forrester 1994). 
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SD employs numerical data to calculate parameter values, characterise system behaviour (reference 

modes), and to compare with model output (Forrester 1987). This behaviour does not differs from the use 

of numerical data by other modellers. Moreover, the quantitative model is to test a hypothesis about the 

dynamics observed in the reference modes of the critical variables under study. A key difference between 

SD and other quantitative methods is the efforts to identify all causal mechanisms responsible for the 

behaviour of a model made by the modeller. Therefore, SD is mostly a deterministic modelling approach 

(Kunc 2017).  

Table 3 A Comparison between Qualitative (soft) and Quantitative (hard) perspectives in the modelling process. 

(adapted from Table 3 in Kunc, 2017b; forthcoming) 

Modelling 

process 

Qualitative SD Quantitative SD 

Objective of 

modelling 

Understand the feedback structure of 

the system. 

Test a hypothesis about the structure driving 

the reference mode of the variable under 

study. 

Inputs Text data obtained through facilitated 

face-to-face meetings, interviews or 

the interpretation of causal 

mechanisms in reports and from 

theories. 

The structure of the model is developed using 

similar inputs employed in qualitative SD. 

 

Additional data for the model can take three 

sources: judgment from experts or clients, 

numerical datasets for parameters and 

facilitation processes for nonlinear functions. 

Process The modelling process implies the 

construction of causal loop diagrams to 

represent individual and/or group-level 

interpretations of causal links. 

 

Facilitation processes are critical to 

uncover the causal links. 

After defining the boundary of the model, a 

stock and flow diagram is developed. 

 

Then, equations are formulated and 

parameters populated using the inputs 

mentioned previously. Testing of structure 

and outputs are performed to confirm the 

hypothesis that the structure is able to 

replicate the behaviour observed. 

Outputs There are three main outputs: learning 

about the structure of the system, 

changes in participants’ perspectives, 

and agreement on future policies. 

There are three outputs. First, time series 

showing performance over time of relevant 

variables. Second, policies are tested 

quantitatively to improve the reference mode. 

Thirds, learning about dynamic behaviour of 

the system. 

Validation Direct structure tests to evaluate the 

model structure considering each 

relationship (form of logical 

relationship) individually and 

comparing it with the available 

knowledge about the real system 

(Barlas, 1996). 

Output validation demonstrates the model is 

able to reproduce the time patterns observed 

in key variables. Barlas (1989) mentions five 

components in patterns: trends, periods of 

oscillations, phases of oscillations, average 

values, and amplitudes (variations). 
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3 EXAMPLES OF SYSTEM DYNAMICS PRACTICE FROM EACH PERSPECTIVE 

3.1 An example of SD using a soft (qualitative) perspective 

Hwang and Kunc (2015) developed a qualitative model describing the dynamics of restaurants in South 

Korea. The inputs for a qualitative model can come from two sources. First, extensive reviews of the 

literature describing the operations in general to determine the main elements of the model as well as the 

issues affecting the performance. Second, interviews with managers because managers had daily contact 

with customers, plan the wine lists and order new wines.  

The interviews generated a set of different textual explanations of the business processes. Common 

concepts and their linkages were mapped in a CLD presented in figure 1. Quoting Hwang and Kunc 

(2015, pages 245-246), “The process driving the dynamics of businesses is embedded in a positive 

feedback loop (see feedback loop B in figure 1), where a rise in service quality due to knowledgeable 

staff positively improves customer satisfaction. Higher customer satisfaction increases staff motivation, as 

staff feels rewarded by the comments from customers, improving service quality even further due to 

higher levels of confidence. There is an important linkage of the feelings experienced by customers with 

service perceived. The positive effects of customers’ satisfaction, expressed as positive word of mouth, 
increase the number of customers and contribute to increasing the wine list length and diversity to keep 

the demands from new customers, experienced our interviewees. The wine list diversity increases 

customer satisfaction as they have more choices reinforcing the growth of the wine list (positive feedback 

loop D in figure 1) and augmenting word of mouth bringing more customers….A negative feedback loop 
(C) reflects the limitations in service firms due to the limits in the front-line employees. Thus, staff 

training is viewed as an important investment.” The CLD was shown to the managers to validate its 

structure. 

 

 
Figure 1 Restaurant business dynamics (Hwang and Kunc 2015, figure 1, page 245) 
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One remarkable insight from the CLD and the verbal description of the feedback processes was the 

existence of a number of soft, hard-to-measure, variables, e.g. staff motivation, levels of confidence and 

customer satisfaction. A final stage of the process involved the discussion of variables and the range of 

values. This was not a usual step in qualitative SD but it was beneficial to provide not only a systems 

perspective of the business but also infer the data that can be expected to obtain in case of a quantitative 

analysis. Table 4 shows an excerpt of the information. 

Table 4 Description of variables and values for the business dynamics model of wine bars (table 3, page 247, 

Hwang and Kunc 2015) 

Variable Description Values 

Progressive pricing Progressive pricing is where the margins 

applied to the range of wines change 

inversely. More expensive, fine wines are 

priced with significantly lower margins 

than the cheaper, everyday wines. Other 

factor is the costs to run the business. 

(Price margin, % sales) 

High price (£77): 1.20, 5% 

Medium price (£27): 1.35, 55% 

Low price (£13): 1.45, 40%. 

Staff knowledge Knowledge about wine and the wine list: 

general knowledge from the origin, vintage 

and tastes to what food make a good 

marriage with the wine 

Partial quadratic curve based on 

the size of the wine list is a good 

approximation to the amount of 

knowledge and training required. 

 

Implications for the management of the business were offered from the interpretation of the CLD. 

For example, the management of wine was critical on wine sales. The size of wine list impacted on the 

level of service and profits. While success, due to good service, might increase wine list, rapid growth of 

the list increased costs hurting profits. Therefore, wine specialization, as a way of market positioning, 

could curtail this feedback process. The qualitative SD was employed to describe a restaurant as a system 

and its components from textual data obtained from interviews and theories (Kunc and Morecroft 2007). 

The main objective was to provide a broad understanding of how the business work and the potential data 

that can be observed for each of the concepts belonging to the qualitative model.  

 

Some potential analysis for qualitative SD models are related with measures of the structural 

complexity existing in the CLD (Schaffernicht and Groesser, 2014: 

 the number of variables; 

 the number of links; 

 the total, mean, and standard deviation of link delay; 

 the link-to-variable ratio; 

 the map density (i.e., the number of observed links divided by the total number of links 

theoretically possible given the total number of variables); 

 the number of loops; 

 the loop length (number of links in a loop); 

 the number of delays in the loop. 

3.2 An example of SD using a hard (quantitative) perspective 

Managing human resources in a professional firm is difficult due to short-term (market demand and firm 

profitability—a static equilibrium issue) and long-term issues (organizational structure and professional 

development—a dynamic equilibrium issue) affecting the professional staff in the firm (Kunc 2008). 

Given the dynamic complexity caused by process such as hiring, promotion and leaving flows existing in 
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the organization, a simulation method, such as SD, that can combine short with long term issues is 

necessary (Kunc 2008). One of the benefits of SD quantitative models is the availability of widely tested 

structures. In SD, there is a common stock and flow structure to represent organisational structures called 

“aging chain”. The stock and flow structure in figure 2 shows the structure of the firm where the different 

staff categories in the company were reflected as stocks and the human resources’ processes as flows. 

Each staff category was a box (stock/level) in figure 2 to reflect the accumulation resulting from the 

diverse dynamic processes, e.g. hiring and leaving flows. In SD, a stock is an integral equation that 

captures the difference between inflows and outflows. In this case, the number of novice staff was equal 

to the number of novice staff hired minus novice staff leaving the company less the staff being trained to 

become intermediate staff.  

 

 
Figure 2 Basic staff dynamics represented using SD (Figure 2 in Kunc, 2017b; forthcoming)  

 

One of the initial insights from this case was the difficulty to obtain any valuable information unless 

there was a fully quantified model. The dynamic complexity originated from the processes of 

accumulation and draining not the feedback loops. Once the stock and flow was generated, additional 

data, see table 5 below, was necessary to calculate the organizational structure over time and the outputs 

of the firm. For example, each member of the manager category used their time in three activities: project 

acquisition, supervising staff, hiring and training with different proportions. When the project required to 

calculate the amount of time used in each activity, it was simply a multiplication between the number of 

members in each category and the number of hours devoted to each activity. Then, the demand for their 

time was obtained, as shown in table 5 bottom part, multiplying the amount of activities by their required 

time. In other words, a static equilibrium was obtained easily using an excel spreadsheet. However, the 

complexity was to extrapolate the present situation into the future considering all the human resources 

processes. 

To compute the dynamics of the staff categories and obtain a long-term equilibrium, it was necessary 

to simulate the size of organization and its capacity to manage future demands using the SD model (Kunc, 

2008). Figure 3 shows the structure of the organization after 60 months in the base case scenario for the 

example shown above. One of the key outputs of quantitative SD was the representation of the dynamics 

using time series, or performance over time, where each line reflects the dynamics of a corresponding 

staff category. Figure 3 shows an unbalanced organization with mostly novice staff due to their hiring and 

promotion policies. Figure 4 shows the dynamics of a balanced organization obtained by improving the 

promotion and retention policies in intermediate staff. Figures 3 and 4 show a traditional output from a 

SD software. 
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Table 5 Description of variables and values for the dynamics of professional firm’s model (tables 3 and 4, page 

125, Kunc 2008) 

 
 

 

 

 
Figure 3 Staff categories dynamics – Base case 

Time available per task

Number of staff
Days available 

per month
Training Hiring

Project 

Acquisition
Supervising

Simple 

Projects

Complex 

Projects
Total

Managers 2 37.00              6               4               19                9                  -            -            37.00    

Senior staff 0 -                  -            -            -              -               -            -        

Advanced Staff 2 35.00              4               4               -              -               28             35.00    

Intermediate Staff 9 157.50            -            -            -              -               63             95             157.50  

Novice Analysts 2 -            -            -              -               -            -        

TOTAL 15 230                 9               7               19                9                  63             123           230       

Time in analyst/days per project 7               14             

Number of projects feasible per month 9.0            8.8            

Number of projects feasible per year (based in 10-months) 90             88             

Total number of projects in 2004 70             70             

Total number of expected projects in 2005 91             91             

Total number of expected projects in 2006 118           118           
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Figure 4 Staff categories dynamics – Improved retention and promotion policies 

 

The existing example illustrated the importance and suitability of quantitative SD modelling in cases 

where feedback loops are not predominantly important but the dynamics originated by accumulation and 

draining processes can generate counterintuitive results.  

 

Additional analyses can be performed in quantitative SD (Sterman, 2000) such as: 

 ‘What-if’ analysis 

 Sensitivity analysis 

 Feedback loop dominance analysis 

 

4 CONCLUSIONS 

SD has a rich history of both uses: soft (qualitative or descriptive) and hard (quantitative or 

predictive/prescriptive). Soft SD modelling can be easily used as a meta-modelling tool where the use of 

CLD helps the modeller to understand the system. Then, the modeller uses any quantitative method, e.g. 

statistical analysis, linear programming, discrete event simulation, SD or hybrid, to improve the 

performance of the system. Soft SD can also help modeller to engage with their clients to discuss the 

assumptions about the problem and what it is the best approach to model the problem when it is used in 

facilitated modelling workshops. 

Quantitative SD has progressed substantially with the integration of additional methods to search for 

parameters and extensive sensitivity analysis so the models can replicate the performance observed in the 

data. Recently, SD researchers have started using optimization programs to identify policies that optimize 

the performance of the system, e.g. Rahmandad et al (2015). Nowadays policy design can have multiple 

approaches not only the traditional analysis realized by an expert modeller. Moreover, the integration with 

other modelling methods in hybrid models opens the door to more quantitative approaches to create 

robust SD models. 
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My experience with students is the use of SD in either mode indicate that the use will depend on not 

only the problem and the objectives of the modelling process but also on the ability to formulate more or 

less complex quantitative models (Kunc, 2012). 
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ABSTRACT 

Discrete-event simulation (DES) is a useful technique utilized for decision-making, it is helpful due especially to the 

complexity of systems. DES projects are complex, large, and has lots of data, thus it is important to manage these 

projects. Considering that good management can help projects achieve success, this paper has the objective of 

identifying the initial skills required for an analyst to be a good Simulation Project Manager. In order to achieve this 

objective, a literature review was conducted in which some articles which present skills on developing DES project 

were identified and utilized. Also, interviews were performed with simulation specialists in order to identify the 

skills required from a practical perspective. The results of the analysis show that there are three main classifications 

of skills: personal, management, and technical. In particular, skills are required to help analysts avoid common 

mistakes and help ensure that their projects are successful. 

 

Keywords: Discrete-Event Simulation, Project, Skills. 

 

1 INTRODUCTION 

Discrete-event simulation (DES) is considered to be a powerful tool to aid decision making, used to study 

and analyse, especially, complex systems, through computational models. It offers improvements to the 

system understudy, without interfering in reality, thus the decision makers can evaluate and select the best 

scenario plan for the improvement in their system (Ruthberg et al., 2015). 

 Although DES is a widely used modelling approach, little is known about modelling processes and 

methodologies adopted by practitioners (Tako, 2014). In this respect, Sturrock (2014) states that 

developing a simulation project is much more than just building a computational model, it requires skills 

that go beyond knowing just about a particular simulation tool. Balci (1989) argues that in considering the 

advancement of DES, it is no challenge to develop a computer model that accepts a set of inputs and 

produces a set of outputs to do simulation, but the challenge is to do it right. 

 The development of DES projects usually involves projects that are complex, large and require lots of 

data, and so become difficult to plan and to manage (Balci, 1989; Christensen et al., 1999; Sadowski and 
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Grabau, 1999; Skoogh and Johansson 2008). In this context, Balci (1989) affirmed that to achieve success 

in these projects, structured and organized methodologies should be used and applied.  

 As it has been explored in this paper, the Project Management concepts could be helpful for the 

development process in simulation because this area brings important concepts and approaches that are 

not necessarily utilized in DES projects. For example, it is useful to define the deadline and budget for a 

simulation project, but time and budget management processes are not always used in simulation projects. 

 In addition, articles about the integration of DES with other areas can be easily found in the literature. 

However, few articles can be found that consider how project management can help the in DES projects. 

Among the few articles are Hugan (2014), Sturrock (2014), and Balci (2011) who have discussed how the 

approaches and concepts of project management can help to achieve the success of simulation projects. 

The authors provided some tips and advice that simulation analysts can use in order to avoid mistakes or 

rework, and they also suggested some characteristics that can help analysts to conduct simulation projects. 

 In considering this, this paper has the objective of identifying the initial skills that simulation analysts 

should have or develop in order to execute DES project successfully. To achieve this objective, the 

literature was reviewed and interviews were performed with some experienced analysts. This paper is a 

pilot investigation about this topic. As such, the findings should not be seen as a complete set of the 

required skills.  

 This article is structured in five sections. The first presents the context of this paper, outlines the 

problem in question and identifies the objectives of the work. The following section will show concepts 

about Discrete Event Simulation and Projects. The third section will present the methodology followed in 

this paper. The fourth section will present the results. Finally, section five discusses the conclusions of the 

paper.  

2 LITERATURE REVIEW  

2.1 Discrete Event Simulation Projects and its Process 

As stated by Pereira et al. (2015), DES projects can be divided into three main phases which are: 

Conception, Implementation, and Analysis. The first phase, Conception is responsible for the 

identification of the objectives of the simulation project, the delimitation of the system that will be 

studied, establishment of the people involved in the process, construction of the conceptual model, 

validation of the conceptual model, data collection, as well as the timing, deadline, cost issues, etc. At the 

second phase, Implementation, the main characteristic is to translate what was defined in the conceptual 

model into a computational model by using a specific simulator or language. From the data collected in 

the previous phase, it is possible to build the computational model. At this moment, this model needs to 

be validated by a statistical test by comparing historical data with simulation data, for example. Finally, at 

the third phase, Analysis, the analyst needs to prepare the experiments and scenarios to be investigated. 

So, based on what was defined at the beginning in the objectives step the analyst can use the 

computational model to determine how to achieve the studies objectives. This could be to increase 

productivity, reduce waste, reduce cost, etc.. One example of a flow chart showing the steps in a 

simulation study can be seen in Figure 1. 

Montevechi et al. (2015) discussed some methods that are used to develop simulation projects, each 

one of them has their own steps, so each analyst can use a specific method that fits best in the project.  

 In this context, Sturrock (2014) has highlighted some important points in which an analyst could 

easily go through and make common mistakes. So, the objective of his paper is to help analysts avoid 

these common traps. He begins at the definition of the objective. So, the first thing to do in a simulation 

project is to understand why someone wants to simulate this system and what they expect to get out of it. 

As his first tip, he mentioned that the important point in this stage is to identify the stakeholders. The 

main stakeholder is the person who asked for and agreed to the project. However, over time, as the project 

progresses other stakeholders are likely to emerge. For example, if the analyst is trying to improve plant 

productivity, the manager in charge of day-to-day system operations will want to be sure it is accurate. 
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Executives responsible for the bottom line will want to see the financial results. Worker representatives 

may be interested in work content changes, etc. Indeed, in this case, the stakeholder is not just the person 

who originally agreed to the project. 
 

 
Figure 1 Sequence of steps for a simulation project Source: adapted from Montevechi et al. (2010) 

  

 The other point discussed by Sturrock (2014) is the understanding of the system. If an analysts is 

simulating their own system, they are likely to have a good understanding of the system. But if they are 

simulating a system which they do not know well, this might be more difficult. Thus, the first thing to do 

is to spend some time with people who really know the system, in order to understand the system and its 

specifications. 

 Another point highlighted by Sturrock (2014) is the management of the project. He says “manage the 
project, don’t let it manage you”. So it is important for the analyst to carefully manage the tasks involved 

in the project to keep it to time, cost and quality. Sturrock (2014) also discussed other points such as the 

creation of a functional specification, collecting input data, building and verification of the model, 

validation of the results, experimentation, analysis, and presentation of the results. 

 Along the same lines, Hugan (2014) proposed a practical look at simulation project management. In 

his article, he has also shared advice for simulation analysts to help them achieve success in their projects. 

Hugan (2014) highlights the need for project boundaries. He says that simulations come in all shapes and 
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sizes. As part of defining the scope of the modelling efforts, boundaries must be established to show 

where the model will start and stop with respect to the real world system. If the analyst is modelling a 

manufacturing facility, these boundaries might be the dock doors that supply raw materials and ship 

finished goods. If the analyst is modelling part of a manufacturing process, the boundaries could be the 

inbound and outbound materials for a specific department. By declaring the boundaries of the model, it 

helps avoid confusion in the project scope. For instance, the customer will not think that the analyst is 

modelling the trucks leaving the supplier’s facility if the boundaries are clearly defined. 

 Another aspect considered by Hugan (2014) is related to the building and verification of the model. 

He suggests starting with the complex parts of the model. As the modeller, the analyst needs to decide 

what approach will be taken. Given this flexibility, the best place to start building a simulation model is 

with the most complex section of the model. If the analyst leaves the complex elements until the very end, 

this will often make the modelling more difficult or the code more complex. Hugan argues that by starting 

with the complex elements of the problem, the structure often presents itself quickly and the rest of the 

model can fall into line with the approach taken in the most difficult areas of the model. 

 Hugan (2014) discussed several other points that are vulnerable to making mistakes, such as 

expectations, project completion, sign-off of the specification, data collection, documenting sources, 

relying on the specification, model structure, methods of validation, presentation of the results, 

documenting the path, use of video, model specification life-cycle, and controlling the scope. Also, these 

aspects are very important to be studied by analysts who are at the beginning of learning about how to 

perform simulation studies. 

 Law (2003) sees a simulation study as a sophisticated system analysis activity, which requires at least 

that the analyst has the knowledge of the simulation method (model validation, selection of probability 

distributions for input of data, design and analysis of simulated experiments, etc.), statistics, project 

management and detailed knowledge of the operations of the system to be studied. 

The projection of a new system requires more than simply identifying the system performance elements 

and objectives, this requires a good understanding of how the elements of the system interact with each 

other and affect the overall performance of the system (Harrel, Gosh and Bowden, 2000). 

 

2.2 Success criteria for projects 

A successful project is one that is carried out as planned (Vargas, 2016). According to the PMBOK® 

Guide (2013), success is measured by product and project quality, punctuality, budget compliance, and 

customer satisfaction. Vargas (2016) says that success consists in “harvesting” what has been planted. 

The author highlights some points in which a project can be considered successful, such as: 

 It was completed within the anticipated time and budget; 

 It has used resources (materials, equipment, and people) efficiently; 

 It achieved the specified quality and performance; 

 It has been completed with as few changes as possible in its original scope; 

 It has been accepted by the customer or sponsor; 

 It has been undertaken without interruption or injury, normal activities of the organization; 

 It has not attacked the culture of the organization; 

 It has realized the expected benefits in the business case; 

 It has outputs that generate results and capabilities in order to generate the desired strategic 

benefit. 

 According to the PMBOK® (2013), the project manager is responsible for establishing real and 

achievable limits for the project, and for achieving it within the approved baselines. In other words, the 

project manager is responsible for the success of the project. As mentioned by Cleland and Ireland (2012), 

projects must be continuously monitored and evaluated throughout their life cycle. Project performance 

standards should be developed in order to achieve the desired results. 
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3 METHODOLOGY  

The methodology of this research was divided into two parts. In the first part was the literature review 

about the skills that a simulation analysts should have. Thus, papers of Balci (2012), Sturrock, (2014) and 

Hugan (2014) were used as the information source. This first part had the objective of showing what skills 

are identified in the literature. 

 In the second part, we carried out some interviews with experts in performing DES projects. A total 

of 12 people answered our interviews personally. In order to do that, a questionnaire was developed to 

guide the conversations. The questionnaire asked what, in their opinion, are the most important skills that 

simulation analysts should have to execute a DES project. The questions in Table 1 were used to guide 

the conversation by asking about the other dimensions of the project, such as scope, time, cost, human 

resources, etc. From these questions, it was possible to identify the abilities required. All interviews were 

recorded to keep a permanent record of what was said. This second part stage of the research investigated 

from a practice perspective the skills required for simulation studies. 

Table 1 Questions of the questionnaire used during the interviews 

Questionnaire on skills of a Simulation Project Manager (SPM) 

1 What are the skills you think are important for a SPM to execute a simulation project? (as example, 

you can say good communication abilities, responsibility, honesty, etc.);  

2 Considering the aspect related with scope of a simulation project, what aspects do you judge to be 

important in which the SPM should look at? (as example, you can point out “objectives of the 
simulation model, inputs, outputs, what is expected in the end of a simulation project?”, etc.); 

3 About time, which aspect should be considered by SPM? (for example, schedule, main 

deliverables, workload of the development team, etc.); 

4 What are important points when you think about costs? 

5 What aspect should you consider to manage the human resources? 

6 What tools are necessary to execute a simulation project? 

7 How can you manage the communication among stakeholder, development team, and you (SPM)?  

8 How can you measure the quality of a simulation project? 

9 What questions on risks should SPM pay attention to when he/she is executing a simulation 

project? 

10 Who are other external entities/people that you should look at? 

11 How would you integrate all the parts into a simulation project? 

12 What are the steps/moments you judge spent more time or have more work to execute in a 

simulation project? 

13 What are the difficulties faced by a SPM in a simulation project? 

14 In your vision, which are considered success factors in a simulation project? 

 

 Table 1 shows the questions utilized during the interviews. As can be seen, the simulation analysts 

were called Simulation Project Manager, since they are the people who are responsible for analysing and 

managing all the aspects involved in a simulation study. The questionnaire brought the dimensions of the 

Project Management area, such as time, human resources, etc., in order to make them think about all 

elements of a project, in other words, considering others aspects related to the management of a project, 

not just focusing on skills to develop the computational model, but considering the skills for managing a 

project. From this information, the interviews with specialists in simulation were performed in order to 

obtain their perspective on the main skills required for simulation analysts in DES projects. The next 

section will present the results obtained by the literature review and interviews. 
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4 SKILLS REQUIRED FOR DISCRETE EVENT SIMULATION PROJECT ANALYSTS  

Based on the literature review performed, three main papers were identified which provide advice and 

discuss the abilities that a person has to have in order to be a good Simulation Project Manager. These 

articles are Balci (2012), Hugan (2014), and Sturrock (2014). The points defined by the authors are: 

 Has background in simulation and/or related areas; 

 Has good communication among members enrolled in the process; 

 Be a good negotiator; 

 Be a good decision maker; 

 Be punctual; 

 Has to work, to manage, and solve conflict; 

 Has to manage risks; 

 Has to have focus on the scope of the project; 

 Has to understand the client’s needs; 
 Has to respect the deadline and budget; 

 Has to handle unexpected situations; 

 Has to share/transfer results to the client; 

 Has to comprehend the bureaucracy that is involved in the simulation process;  

 

 These are the main points highlighted by the authors. Some points are related to the personal 

characteristics such as has good communication, be a good decision maker, be a good manager, and be 

punctual. Other points are linked to the abilities that the person can have or develop such as respect 

deadline, budget, and scope, manage risks and conflicts, and understand the bureaucracy questions.  

 In addition to these points highlighted by the literature review, the interviews showed more aspects 

that are important to be considered that the authors had mentioned. As overall results from the interviews, 

the analysis presented three main big classifications: personal, management, and technical. In this context, 

each one of this classification will be discussed showing the skills pointed out by the respondents. Figure 

2 summarises the skills identified by the interview respondents.  

 Considering the personal classification, the respondents mentioned that beyond punctuality the SPM 

should have motivation, encouragement, responsibility, and versatility. According to the second 

classification, which is management, the respondents pointed out the skills of good communication 

among interested parts, client, and development team; be a negotiator; decision maker; leadership in 

individual and group context; a manager considering time, human resource, cost, and scope. These skills 

are important for a good relationship between the client and development team, and also for the 

relationship among members enrolled in the project. Other skills are related to unexpected situations, in 

solving conflicts, taking good decisions, managing risks, and being a good leader. The SPM still have to 

have the characteristics that will motivate the team who are working on the project. He/she has to know 

how to demonstrate the importance of the project and how it can help in the improvement of the system. 

The third classification is technical, the respondents said that it is important to have a background in 

simulation or a similar area. They pointed out three skills in this classification. The first are abilities 

related to probability and statistics concepts. The second skill is programming; the SPM needs to 

understand about, programming, find errors in other programmers source code. The third skill is 

computation tools; it is good to be able to use a data repository and project management systems. As can 

be seen, these skills are explicit and can be learnt by taking courses or by studying alone. 
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Figure 2 Simulation Project Manager Skills 

 

   

 

Figure 3 Mental Map - Discrete Event Simulation Project Management 

  

 The questionnaire utilized in this paper had the objective of identifying the skills of an SPM. 

However, the same questionnaire was used to highlight other points about the management of simulation 

projects. Questions were asked about some aspects related to time, scope, cost, risk, communication, 

quality, human resource, interested parts, and integration were asked. The responses were analysed and 

Simulation Project Manager Skills

Personal Management Technical

Punctual

Motivator

Encouragement

Responsible

Versatile

Good communication

Negotiator

Decision maker

Leadership

Management

Interested parts

Client

Development team

Individual

Group

Time

Human resource

Cost

Scope

Probability and statistics

Computational tools

Programming

Ability to find errors in other
programmers source code

Good understanding of the
simulation itself

Data repository

Project Management System

Programmer

Discrete Events Simulation Project 

Management

Scope

• Goals

• Decision to be taken

• Conceptual/Initial survey of

requirements

• Meetings between client and

development team

• Brainstorm

• Tools

• Company Policies and Procedures

• Environmental Analysis

• Delimitation of the system

• Schedule

• Contract agreement

• Contour boundaries

• Members

• Time

• Parameters to consider and not to

consider

• Monitoring, monitoring and evaluation

Human Resources

• Person in charge of the company

• Workload

• Remuneration

• Functions

• Number of employees

• Members

• Skills Required

• Monitoring, monitoring and evaluation

Risks

• Scope changes during the project

• Changing the system under study

• Reallocation of members involved in 

the process

• Leadership change

• Market variations

• Product discontinuity

• Type of application / segment

• Key Person Relocation

• Communication and documentation

minimize risk

• Team Competence

• Monitoring, monitoring and evaluation

Interested parts

• Depends on scope

• Identification of the important parties

involved

• The 3rd

• Providers

• Monitoring, monitoring and evaluation

Time

• Estimation of time based on the

characteristics (size and complexity) of

the project

• Project steps

• Duration of each step

• Deadline

• Main deliveries

• Workload

• Monitoring, monitoring and evaluation

Communication

• Communication ways between

members of the development team and

client

• Transmission of results

• Communication of progress of tasks

• Understanding the process

• Communication tools

• Monitoring, monitoring and evaluation

Integration

• Follow-up steps

• Relationship between the scope of what

was defined with what will be developed

• Controls of the management of the other

areas

• Follow-up plan

• Project opening

• Communication

• Change control

• Closing

• Monitoring, monitoring and evaluation

Quality

• Verification of the construct

• Measures of performance

• Validation of the construct

• Customer satisfaction

• Achievement of objectives

• Time and budget respected

• Dissemination of results

• Monitoring, monitoring and evaluation

Procurement

• Equipaments and material survey

• File hosting services

• Office Supplies

• Software

• Stopwatches

• Camera

• Monitoring, monitoring and evaluation

Costs

• Acquisitions

• Purchase of equipment

• Hiring of services

• Estimated project total costs

• Expenses

• Monitoring, monitoring and evaluation

74



Pereira, Montevechi, and Robinson 
 

we built a mental map that shows the main points emphasized by respondents. Figure 3 presents results of 

the mental map.  

 Figure 3 shows some points pointed out by the respondents that they judge to be important when the 

SPM starts to conduct a DES project. They suggested these points in order to help analysts who intend to 

work with simulation. Figure 2 proves that a simulation project is much more than just building a 

simulation model, that is, it is not sufficient to know about a specific language or simulator, but it is 

clearly necessary for the analyst to have a broader set of skills. 

 Other results of the questionnaire were also discussed. The respondents were asked to say what steps 

they spent more time on or have more work to execute while he/she is developing a simulation project. 

The answer was initial step when data are being collected and the definition of the system is being 

developed. They affirmed that sometimes clients do not understand what simulation means, so they need 

to translate the simulation language into a form that is easy for them to understand. This can take up a 

significant amount of time. Some of the respondents emphasized that data collection was a very hard step 

because it can take up much time or it is difficult to obtain the data. They also said that during the data 

treatment, the software used sometimes are not able to run the experiments or calculate the analysis due to 

the complexity of the systems, in this case. They suggested to recognize first the characteristics of the 

data and after choosing the tools for analysis, it can clearly avoid rework. These aspects were considered 

the principal difficulties signalled by the respondents. 

 Finally, the respondents mentioned three points that they suggest as success aspects in developing 

DES projects beyond the ones listed in section 2.2. The success can be seen by the statistical validation of 

the computational model which demonstrates that the model can be used to perform the experiments and 

final analysis. Second, the satisfaction of the clients in which their problems could be solved by using 

DES techniques. Third, the publication of the results, such as papers, workshops, and meetings, which 

increases confidence that the project has achieved its objectives. 

5 CONCLUSIONS  

This paper had the intention of showing what are the skills required for an analyst to be a good Simulation 

Project Manager. This paper was an initial pilot investigation about this topic. As such, there might be 

others skills that were not identified in this paper due to the preliminary nature of the work. 

 The paper was motivated by authors identified in the literature who affirmed that developing a 

simulation project requires much more than just knowing about a specific simulator or language. In 

addition, there are some authors that highlight that DES projects are complex, large, and have lots of data 

requirements. This means that they need to be well managed in order to achieve success. 

 A literature review was conducted to identify some skills from the theory and some interviews were 

performed with specialists in developing DES projects to define the skills from the practice side. As 

results of this analysis show, three main classifications were established: personal, management, and 

technical.  

 It was concluded that the main difficulties faced by simulation analysts are the initial step and data 

collection. Also the interview respondents pointed out the success aspects such as validation of the 

computational model, the satisfaction of the client, and publication of the results. 

This paper intended to present to simulation analysts what are the skills that one person should 

have/develop in order to manage good DES projects and achieve a successful outcome. We hope that the 

other findings can help interested people to improve the management of DES projects. 

 This paper was a pilot study about the identification of the skills required in a simulation project. So, 

as future work we propose that a deep study including our idea can be performed utilizing a bigger sample 

of simulation analysts. We also suggest that research about the success and failure aspects could be 

realized in cases studies in order to help interested people to avoid mistakes and rework.  
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ABSTRACT 

This paper discusses the Dstl experience of applying the emerging Object-Functional paradigm to simulation 

modelling for defence and the ‘so-what’ for analysis. The simulation framework has been named GAMOV, in 

recognition of the work of Georgiy Antonovich Gamov in making clear explanation of science through his work. 

Exploitation of the Object-Functional paradigm for the development of GAMOV has resulted in the production of a 

highly adaptable modelling environment, with the capability to produce problem-focussed models that are more 

efficient to maintain. In the absence of widely accepted design patterns to support those working with this paradigm, 

strong design skills and discipline are required from those seeking to apply it. 
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1 INTRODUCTION 

In the UK today, one of the main organisations generating advice from the OR process is the Defence, 

Science and Technology Laboratory (Dstl). Dstl are the “UK’s leading Government agency in applying 
Science and Technology to defence and security” (Defence Science & Technology Laboratory, 2015). 
Dstl are part of the UK Ministry of Defence (MOD) and our programme of work enables the provision of 

advice on a wide range of science and technology fields. This includes providing specialist advice on 

specific low-level military systems, all the way up to high-level OR on defence policy and investment 

into capability (HM Treasury, 2013; HM Treasury, 2015). 

For all the methods, expertise and resources at its disposal, very often it is time that is possibly the 

biggest constraint upon the breadth and depth of OR activities being undertaken today. This is particularly 

compounding when the required scope of the work is continually expanding, whilst the resource base 

available to address this continues to contract. As such, it is important that all those elements that make up 

the OR process evolve, in order to meet these demands. This has been part of an on-going drive for a 
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number of years (Robinson & Glover, 2006), but with the challenges of austerity, now needs to be taken 

to a new level. 

An example of where these pressures are particularly acute is with respect to the requirements of 

campaign analysis. The work described here has been focused on this target. The aim being a more 

problem focused development method (Pidd, 1996; Sargent, 2005). 

2 INITIAL RESEARCH 

This research started late in 2007, with the aim of exploiting evolving computer science in order to deliver 

a framework for the agile production of simulations to support analysis, focused at the campaign level. 

The starting point was to facilitate modularity, through the adoption of a unified approach to problem 

representation and code design (Methodological Ontology) (Fletcher et al. 2005). The approach chosen 

had to be flexible and minimise the limits it placed upon the problems it could handle. 

The next stage was to choose a suitable programming language that would be used to implement the 

chosen approach. The principle candidates at the time were C#, Java, Python and Ruby. Upon analysing 

these languages, we selected Python for its ease of use, functional features and platform agnostic nature. 

The aim of this was to make the deployment of the framework as easy as possible. We also sought to keep 

the interfaces between the components of the code as clean as possible and to build on a logistics 

metaphor such that any item could contain any item.  

These decisions made it easier to: 

 Address the issue with respect to the transformation of an object from one state to another 

(Fuenmayor, 1991) (E.g. the re-forging of damaged units or the cratering of the ground); 

 Explore the logistical constraints upon the battlespace; 

 Exploit the potential of functional coding perspectives in our work. For example: 

 Exploit the ability of Python to execute code provided from data files, to allow improved 

control of aspects of model representation on a run by run basis; 

 Provide a facility whereby variations from a baseline scenario can be defined in terms of 

changes from the baseline, allowing improved management of sets of related runs. 

  

In our first year of experimental coding, supported by an agile methodology, we took two further 

steps towards what would later become recognised by others as the Object-Functional perspective: 

 Adopting the notion of a service oriented architecture (Bell et al, 2008), which we applied by 

splitting transformative functions (which we termed mediators) from the entities whose data 

they transformed (see figure 1). This in conjunction with the adoption of a single 

methodological ontology, served to reduce the quantity of code that both the framework, and 

a model built within the framework, would require; 

 Recognising that the diversity of treatments which campaign level modelling could require 

precluded a naïve, Lego-like, approach to modularity (Cartwright, 2001). Hence our ambition 

was focussed on realising a loosely coupled modelling system based on our service oriented 

approach, which was none the less explicitly coupled. Thus for more complex code reuse 

scenarios, a degree of programmer intervention would always be required, all be it within the 

context of a fixed baseline set of interfaces, design approaches and supporting code. 
 

The first three years of work were with a two person team for only part of a year. In the first year of 

coding we demonstrated that such an approach could result in a working model through the 

implementation of a Lanchester model in the initial version of the framework. In the second year we 

demonstrated the ability to swap different functions, modelling direct fire, into and out of mediators 

through data in a run set (Lanchester model, Simple Planning tool, and a look-up table constructed from 

more complex model runs). In the third year we demonstrated the ability to study emergence through a 

simple model with three interacting transformative agents (move, find and fire). At this stage we were 
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ready to implement our first campaign level model; however, due to changes in customer focus we were 

asked to consider if the framework could be used to look at Operational level problems instead.  
 

 
 

Figure 1 A simplified representation of the inter-relationship between entity and mediator 

 

3 ENHANCING THE TOOLSET 

Operational level problems involve less complexity than the campaign level and present fewer actors to 

represent. An Operational Logistics problem was chosen for the demonstration. This played to the 

strengths of the underlying metaphor of the toolset, which is well suited for logistics based problems. This 

enabled the model to be produced and “fitted for but not with” the capability to support a range of 

additional treatments beyond those in the initial study set. This initial logistics model was coded and 

successfully applied to an analysis problem within a month. The initial analysis proved sufficient for our 

customer’s purposes, such that there was no opportunity to demonstrate how rapidly subsequent 
treatments could be programmed and explored from this baseline. If there was a requirement to examine 

further treatments we were confident that enhancements and further insights could have been rapidly 

produced. Instead we were asked to focus on our toolset usability enhancements. At this stage, the team 

was expanded to three people, although it was still only tasked to work on this research for part of the 

time. 

The toolset enhancements both re-factored extant code for efficiency and firmed up the framework 

design. In doing so we took the toolset another step towards what would become the Object-Functional 

paradigm, by re-organising the code so as to be compliant with the concepts of REpresentational State 

Transfer (REST) (Fielding, 2000). This would enable the deployment of the toolset as a web application, 

greatly easing control over distribution and version release. The main components of GAMOV at this 

time are summarised in Figure 2. The key aspects of work up to this time were published at the end of that 

financial year (Glover and Toomey, 2012). 

 

 
 

Figure 2 Re-factored GAMOV architecture 
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3.1 Dstl Enterprise 

This incorporates the unmodified hardware and software that is provisioned by Dstl Information 

Communication Technology (ICT) in order to run GAMOV. At a high level this includes the machine 

specifications (be it physical or virtual), the operating systems, networking configurations, programming 

languages and supporting tools, such as configuration management. 

3.2 GAMOV Enterprise 

This layer encompasses the additions or modifications that have been made to the Dstl Enterprise by the 

GAMOV development team, in order to run the GAMOV software. Examples of this include: additional 

libraries for programming languages, Integrated Development Environment’s (IDE), web server 
configurations etc. In other words, this layer is composed of those elements that we have some control 

over for the purposes of our work. 

3.3 GAMOV Layer 

This is the GAMOV software itself, and all of those components of GAMOV that are common across all 

models. This includes the critical subsystems that are needed in order to run and configure a GAMOV 

model. 

3.4 Model Layer 

The component organisation within this layer would be different for each model, but the layer itself is 

intended to capture the organisation of components that result in the production of a bespoke model. 

3.5 Model Structure 

This is wrapper as opposed to a layer, but the conceptualisation is to signify that there will be some 

elements required in order to package each version of a model for release into use. 

3.6 GAMOV Subsystems 

The GAMOV layer of the diagram (Figure 2) is broken down into a number of subsystems. At this stage 

all models produced within the GAMOV framework inherit everything within the GAMOV layer. 

However, this is not a restriction and it is possible to define other types of model that operate using 

different underpinning subsystems. In those instances, this layer may become further broken down into 

sub-sections for the different model types offered. However, at this stage it is intended that all models will 

be constructed from the same baseline held in this layer. 

3.7 The GAMOV Engine 

The GAMOV Engine is the kernel of a GAMOV model that will drive all of the processing and schedule 

all of the interactions. The GAMOV engine contains the components that define the architecture of all 

models produced using the framework. The engine was designed to contain the following subsystems: 

 Event Scheduling – The mechanism by which events are scheduled and kept in sync during a 

model’s operation; 
 Entity – The base data structure that is used to describe all actors within the model; 

 Run Object – This is the main thread of execution within a GAMOV model. This aspect is 

also part of what defines the ‘model structure’. Each model will have a Run Object that 
instantiates all of the components required for a particular model. However, as a construct 

that is part of the implementation, the Run Object is actually an engine component. 
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3.8 Event and Time Management 

At the core of the event management system is the GAMOV clock, which is used to ensure that events are 

dispatched at the correct time and in the correct sequence. Models produced using the GAMOV 

Framework can use both event driven and time-stepped events, within the same model. 

The clock monitors all of the events stored within the event scheduler, which is composed of a variety 

of queue types. The GAMOV Clock has the following queue types in order to satisfy the whole range of 

event types that occur within models:  

 Immediate Queue – This is the highest priority queue within the event scheduler, which is 

designed to contain events that must be processed before all other events in the model. In OR 

terms this would typically include events to synchronise model activity and ensure that 

certain routines have completed before proceeding with further events; 

 Cyclic Queues – Allows the scheduling of events to occur on a pre-defined cycle (for 

example, every 12 hours). This queue is designed for the scheduling of the planning routines 

and update cycles that occur within command and control systems, because in reality 

commanders typically plan and update operations on a defined cycle; 

 Time-Step Queue – Used for the scheduling of jobs to occur on the defined time-step of the 

model. This queue is designed to handle all model events that are naturally modelled on a 

time-step; 

 Main Event Queue – Used for scheduling one-off events occurring at a specific time in the 

model. 

3.9 Configuration Management 

The GAMOV configuration management system provides all the components required in order to setup a 

GAMOV model, including the run-set configuration; and process the output of the model into useful log 

files. 

Inputs to a GAMOV model are comprised of the following: 

 Entity setup – The user is able to define the data values in the Entity template, but also 

customise the template with different fields for the purposes of the model; 

 Replications - The user is able to define the number of replications that they would like to 

perform as part of the run-set and the associated configuration data for each of those 

replications e.g. what random number seeds they will be using; 

 Order set – In the instances where scripted command and control is required, there needs to 

be a mechanism by which the scripted actions can be submitted that will drive the 

representation of decision making within the model. 

There are two important features that we designed into the GAMOV input system in order to provide 

improvements over previous Dstl models: 

 First is the ability to merge data files. This allows the modelers to separate their input data 

into as many (or as few) files as needed. This will aid the modeller in logically structuring 

their data towards the requirements of the study (and arguably their personal preferences), but 

also provides extra transparency to future modelers, who may be reusing a model, so that they 

can quickly identify how the data is organised. 

 Secondly, the ability for a modeler to declare changes to the baseline data through a ‘change 
file’. In practice, when using a model on a study, there is often the requirement to explore 
variations to the baseline scenario (the ‘what if’ questions or alternative treatments). This can 
be as small as increasing or decreasing the number of available assets or modifying the 

performance of capability; and can be as large as changing the entire script of events. 
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3.10 GAMOV Data 

All data within GAMOV, with the exception of replication configuration and orders, are attributes of an 

entity, for this reason we have opted for a data file format that supports nested structures. The format of 

these files enables the analyst to record their assumptions about the data in the same input file, including 

the source and other supplementary information. 

The output log files are a highly customisable component of the GAMOV framework. Instead of 

attempting to conceive of all the possible use-cases for the output, the log file formats are an input that 

can be declared as part of the model instantiation process. Dependent on the focus of the study, it may not 

be feasible to record everything that is occurring within the model, so the logging system allows ‘levels’ 
of logging that can be set by modeller. The ‘debug’ log file records everything down to individual state 
changes and every component interaction. There are also user defined levels of logging, such that the 

modeller can add logging statements, defining the specific level of logging wherever it may be needed. 

4 OBJECT FUNCTIONAL MODELLING 

The completion of the journey of our toolset towards an Object-Functional architecture (Odersky, 2014) 

has previously been described, including comparisons to other tools such as SimKit (Toomey, 2016). As a 

part of due diligence, the value of a re-implementation of the toolset in the Scala language (Odersky et al, 

2006) was examined through Doctoral Research (Toomey, 2017). The conclusion was that whilst the 

adoption of the Object-Functional approach of the language had clear benefits for the toolset, changing 

the implementation language of the toolset bought few additional benefits for our specific purpose and 

came with the price of losing the ease of use of Python (Peters, 2004), which by this time had wide usage 

in both scientific and educational settings (Cardoza, 2017). 

The Object-Functional paradigm is a hybrid paradigm, combining the Object-Oriented and Functional 

programming paradigms. For a long time both of these paradigms have evolved in relative isolation, due 

the difference in the goals behind each. The benefits and limitations of each are often compared against 

one another (Harrison et al, 1996) in terms of code quality and performance; and sometimes the two have 

been combined through layering, not necessarily blending (Kristensen et al, 2001). Object-Functional 

seeks to unify the two in order to yield the benefits of both (Sousa & Ferreira, 2012) whilst eliminating 

their shortcomings. In other words it is seeking to harness the structure and descriptive power of Object-

Orientation and the stateless characteristics of Functional. 

The fundamental ideas behind Object-Functional concern splitting entities within programs that hold 

state from those entities that transform state (Lau, 2015). In Object-Orientation terms this would mean 

breaking (but not discarding) the classical approach to encapsulation down into two object categories. The 

first category of object is used to represent the data elements of the program (i.e. the state). The second 

object category is used to hold the transformative functions of the program, which is where the functional 

paradigm meets the Object-Oriented paradigm, through the use of the ‘first-class object’ pattern (Van 

Rossum, 2009). This organisation of the program elements de-couples the state from the functions that are 

used to transform them. This removes the common problem of coupling in Object-Orientation. 

The key benefits of Object-Functional are that: 

 Whilst the elements of the program and their interactions are still coupled, it is explicit and 

loose. This means that elements of the program can be changed while limiting the side effects 

on the rest of the system (or at the worst that the generation of any such side effects is 

explicit); 

 It also gives equal weight to the nouns and verbs in a program design, in terms of how they 

are used within the program, albeit the implementation mechanism within the language is 

slightly different. Nouns are still classes with respect to traditional Object-Orientation, whilst 

verbs are a special case of class in terms of the ‘first class object’ with respect to functional. 
In Object-Functional this is informally referred to as the Functor object design pattern (or 

function objects) (Van-Rossum, 2009), which originally stems from the Functional paradigm. 
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While the benefits of Object-Functional are starting to become clear, and have been demonstrated in 

our work, the still recent emergence and formal acknowledgement of this paradigm within communities 

of practice means that there is at present a lack of software design patterns available to communicate 

specific implementation approaches within the paradigm to other developers (Sousa and Ferreira, 2012).  

From our work we can report that the use of Object-Functional provides a solution to removing the 

coupling experienced within previous models, which thus: 

 Greatly aids model maintenance; 

 Facilitates the planned transformation of models, enabling model-experiment-model 

approaches to system discovery based on an initial envisaged model baseline; 

 Enables the rapid comparison of what could be very different study treatments in a modelling 

scenario against an agreed model baseline. 

5 MISSION COMMAND MODEL 

The work on GAMOV sits within a broader swathe of research to enable a new generation of command 

and control based models (Moffat, 2002; Moffat et al (2004); Robinson and Glover, 2006; Lucek and 

Collander-Brown, 2014; Glover et al 2017). A key part of this research has been the development of a 

Modular Mission Planner (MMP) to automate the generation of courses of action in what are potentially 

very different ways of doing business (Lucek and Collander-Brown, 2014; Glover et al 2017). 

Key research, to support the development of modelling representations of command and control, has 

been conducted within the GAMOV framework. This includes work on: 

 The operational logistics model outlined in section 3, which illustrated the working limits of 

script-based approaches to Operational level problems; 

 The Campaign Air Model, which showed what happens when those limits are exceeded 

(Toomey 2017); 

 An early attempt to use our mission planner research to facilitate logistics modelling; 

 And the maturation of that research into the Mission Command Model (Glover et al 2017). 

 

The purpose of the Mission Command Model (MCM) is to use our MMP research to provide: 

 A rapid initial evaluation of the issues to be planned against, within campaign level scenarios; 

 A quick turnaround analysis of the risks inherent in a baseline scenario; 

 An initial assessment of the treatments that may mitigate these risks; 

 A baseline model, which can be incrementally developed to enable the efficacy of treatments 

to be examined. 

 

The added value that the MMP brings to this modelling work is: 

 A means of testing the completeness of a model through rapidly generating credible plans; 

 A reduction in scenario set up-time within a model previously assessed to be complete, from 

months for a complex scenario, to a small number of weeks; 

 A robust way of exploring the risk space in a scenario, enabling the dimensions of risk within 

a modelled scenario to be formally understood; 

 A means of understanding the effects of very different treatments in a scenario against a 

consistent model baseline, facilitating the study of aspects of combat that have previously 

been difficult to assess including: the risk from cyber; the risk from disruption of logistics; 

the value of information; and the consequent value of treatments to command and control. 

 

In a nutshell, what the conjunction of GAMOV and the mission planner research in MCM is aiming 

to deliver is agile modelling in support of defence and to help in the understanding of the nature of the 

risks that it may elect to take. The potential that this capability represents has been formally recognised 
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through examination by a Red Teaming activity, which included key input from academics, customers, an 

international partner and a project management professional. The challenge now is to reap the rewards 

that we have been working towards. 

At present we have developed the core of MCM to enable the study of Intelligence Surveillance & 

Recognition (ISR) issues in simpler elective deployments. This provides a manageable but sufficiently 

challenging environment in which to conclude our Mission Planner research, prior to making an initial 

release of this capability onto studies. The virtue of the current degree of maturity of MCM is that it is 

ideally poised for further development through research collaboration. For example, with international 

partners, so as to produce a campaign level model that we all understand and take ownership of. 

6 SEMANTIC ANALYSIS OF CAMPAIGN MODELS 

Work to facilitate the semantic analysis of campaign models, so as to increase the speed of analysis and 

depth of understanding arrived at by analysts has previously been described (Glover and Toomey, 2012; 

Toomey, 2016). What was particularly intriguing was to note the development of a solution to this 

problem for the special case presented by system dynamics (Mojtahedzadeh, 1997). This raised the 

question as to the feasibility of generalising this approach to the broader field of simulation through the 

application of semantic web technologies. While this research direction still in principle appears feasible, 

there are concerns about the magnitude of computing resources needed to enable this. However, the 

specific conceptual issues to be overcome have now formally been recognised (Toomey, 2017).  

7 CONCLUSIONS 

We assess that our research into the application of Object-Functional programming to simulation 

modelling in defence has been successful, and this has been confirmed by an independent Red Team 

challenge that has identified our work to be very promising. The challenge now is to reap the rewards that 

we have been working towards, so as to deliver agile, cost effective simulation for defence. We see the 

partnership with others as key to enabling this. To this end we would welcome proposals for modes of 

inter-working to mutual benefit. 

In overview, the conjunction of the GAMOV framework and the MMP research tackles a key 

problem for defence analysis. In particular, while the challenges for analysis are becoming more varied, 

the resource base against which to tackle them is continuing to contract in a time of austerity. None the 

less, simulation, which traditionally has been resource intensive, remains an important part of the 

analytical mix, because of its ability to examine: issues; risks; treatments; and treatment development 

holistically. 

The GAMOV framework, and the MMP that has been developed within it, exploit the emerging 

Object-Functional paradigm to provide a means of delivering agile simulation modelling with greater 

scope than has been possible before. This includes: 

 Enabling the study of aspects of combat that have previously been difficult to assess including: 

the risk from cyber; the risk from disruption of logistics; the value of information; and the 

consequent value of treatments to command and control; 

 Providing a rapid initial evaluation of the issues to be planned against within campaign level 

scenarios; a quick turnaround analysis of the risks inherent in a baseline scenario; an initial 

assessment of the treatments that may mitigate these risks; and a baseline model which can be 

incrementally developed to enable the efficacy of treatments to be examined; 

 Providing the means of testing the completeness of a model; a reduction in scenario set up-time 

within a model; a robust way of exploring the risk space in a scenario; and a means of 

understanding the effects of very different treatments in a scenario against a consistent model 

baseline. 
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In summary, what the conjunction of the GAMOV framework and mission planner research, 

instantiated through MCM, is aiming to deliver is agile modelling support to a defence culture that is 

“innovative by instinct” and understands the nature of the risks that it elects to take.  
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ABSTRACT 

There exist many papers that explain the social force model and its application for modelling pedestrian dynamics. 

None of these papers, however, explains how to implement the social force model in order to use it for systems 

simulation studies. In this paper we propose a design pattern (reusable template) that supports the implementation of 

the social force model within an artificial lab to run experiments for human centric systems. It allows considering 

not only people but also static and moveable markups. We demonstrate how to implement the design pattern in two 

commonly used agent-based modelling packages, Repast Simphony and AnyLogic. For this we use an illustrative 

example from the Adaptive Architecture domain. Both packages require a slightly different implementation strategy, 

due to the API constraints they provide. Overall, we found that the design pattern provides very helpful guidance 

when working on the individual solutions for the different packages.  

 

Keywords: Design Pattern, Pedestrian Dynamics, Social Force Model, Agent Based Simulation, Human 

Centric System 
 

1 INTRODUCTION 

In their paper "Social Force Model for Pedestrian Dynamics" Helbing and Molnar (1995) suggest that the 

motion of pedestrians can be described as if they would be subject to social forces. The paper then offers 

a mathematical model of pedestrian motion that describes the influence of social, psychological, and 

physical forces on pedestrian's choice of direction. When Helbing and Molnar talk about simulation 

examples, they provide parameter settings and justifications for these but they don't provide information 

about how to get from a set of equations to a fully-fledged and operational simulation model. Since the 

publication of the original paper, several related papers were published with extensions and applications 

of the Social Force Model (SFM) (for an overview see Duives et al, 2013). Still, the problem remains, 

that there is no clear advice on how to implement these. 

 When we worked on a simulation project involving the modelling of pedestrian movement, we found 

it quite difficult to do the implementation, as we came across many obstacles when we applied the SFM 

to real world scenarios within enclosed spaces. In this paper we want to share our experience and give 

some advice on how to implement the SFM for such scenarios. To ease the process of model development 

we have created a reusable template (design pattern) for modelling people's and object's motion behaviour 

and for modelling the environments they are moving in. Our design pattern supports the development of 

"artificial labs" for exploratory and explanatory studies of human centric systems in many different 
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domains. In this paper we focus on Architecture, but we have also used the proposed design pattern to 

develop models for studies in Social Science and Human Factors. For the modelling activities we employ 

an object oriented agent-based modelling approach. In the following we use some object oriented design 

principles and tools from Software Engineering to describe our proposed design pattern. The feasibility 

studies we conducted in the different domains helped us to identify several artefacts within the models 

and to work on solutions for removing these artefacts. While the resulting design pattern might not be 

perfect for all applications, at least it offers a starting point for a better understanding of the translation 

process from equations to code and provides a basis to work from. 

 While there are several simulation software packages that offer embedded pedestrian libraries, as for 

example AnyLogic (www.anylogic.com, accessed 1/12/2018), the issue is that these libraries use a black-

box approach, meaning that they hide all details from the user and only provide a user interface. In 

contrast to this, we build our pedestrian representation bottom up, using a white-box approach. This 

provides transparency regarding the design and complete control over all model parameters. Furthermore, 

it supports specialisation of the agent; our design pattern can easily be extended to accommodate specific 

behaviours and capabilities the agent needs to possess, in order to best represent its real world 

counterpart. Depending on the purpose of the modelling exercise our approach provides the user with a 

big advantage by allowing this kind of control. 
 

2 BACKGROUND 

2.1 Agent-Based Modelling 

Agent-Based Modelling (ABM) is the current state of the art in modelling and simulation for pedestrian 

dynamics (Castle and Crooks, 2006) and is based on treating each pedestrian as an individual "agent" that 

constantly assesses its situation and makes decisions based on a set of predetermined rules. Individual 

agents interact with each other and their environment to produce complex collective behaviour patterns at 

system level; agents are designed to mimic the behaviour of their real world counterparts. In contrast to 

objects, which are part of the environment, agents are capable of making autonomous decisions and 

showing pro-active behaviour. This naturally lends itself to modelling of pedestrians in a heterogeneous 

crowd. Movement decisions making of these pedestrians can be considered using the concept of social 

forces (Helbing and Molnar, 1995). 

2.2 Social Force Model 

The SFM is a socio-psychological model which could simulate the movement of pedestrians under simple 

situation (Helbing et al, 2000). It was originally introduced for simulating escape panic; however there are 

many studies which applied it to other social simulation scenarios and added their own improvement. 

 The SFM treats each agent as if it had an electrical charge, and so as two agents move towards each 

other they feel a repulsive effect. They also receive an attractive force from their destination point 

(usually an area). The resultant force acts on the agent, and gives it an acceleration (or deceleration), 

adjusting the speed of each agent. In addition to these psychological forces, when agents are physically 

touching two physiological forces are produced, based on granular interaction forces: a tangential force, 

and a frictional force. The same combination of psychological and physiological forces is produced when 

interacting with walls and barriers (boundaries). The related set of equations that allows computing the 

force on an individual agent at each time step can be found in Helbing et al (2000).  

 The Extended SFM (ESFM) introduced by Xi et al. (2010) defines a connection range and an 

attention angle, in order to add the notion of "vision" to the SFM. These two factors define the sector in 

which a person would react to the psychological forces caused by others that are in sight as people cannot 

respond to actions of others, which they cannot see. Furthermore Xi et al. (2010) consider group 

behaviour in form of a "socially attractive force" between members of a group. The group behaviour is 

implemented by considering an "intimate factor" that is multiplied with the psychological force. The main 
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idea is that a positive psychological force is applicable for people belonging to different groups while a 

negative psychological force is applicable for people belonging to the same group. Attention should be 

paid to the fact that a positive psychological force actually implies that agents are psychologically against 

each other. The extended set of equations that allows computing the force on an individual agent at each 

time step, under consideration of vision restrictions and group behaviour, can be found in Xi et al (2010). 

 The latest addition to the SFM family is the Headed Social Force (HSF) model by Farina et al (2017). 

It allows to consider a preferred direction of motion. In general humans prefer to move forward, while in 

the original SFM it is assumed that humans move isotropically (i.e. in all directions). The HSFM 

introduce a pedestrian's heading into the dynamics of the SFM. This improves the realism of the 

trajectories generated by the classical SFM. 
 

3 THE DESIGN PATTERN 

When we worked on the models for the feasibility studies mentioned above we realised that there were 

some reoccurring patterns concerning the structure of these models. We could start with a kind of 

template base model to represent a basic system and its element. Then the main thing to think about was 

to what class of elements the objects/agents we wanted to model belong to and if they were agents, how 

we should define the activities they would potentially engage in. 

 This got us to the idea to create a design pattern that follows object oriented principles and Software 

Engineering best practices, providing a structured approach for modelling scenarios of peoples' movement 

in non-enclosed and enclosed spaces which contain non-moving and/or moving object. Such a structured 

approach provides robustness to the resulting model and makes it easy to maintain and easy to extend. 

3.1 Overview 

Wikipedia (https://en.wikipedia.org/wiki/Software_design_pattern, accessed 1/12/2018) defines that "In 

Software Engineering, a software design pattern is a general reusable solution to a commonly occurring 

problem within a given context in software design. It is not a finished design that can be transformed 

directly into source or machine code. It is a description or template for how to solve a problem that can be 

used in many different situations". Such a design pattern represents best practice for solving common 

problems, without specifying the final application classes or objects that are involved. Framing any given 

problem in terms of design patterns forces a deeper understanding of the problem, and leads to 

readability, flexibility and stability (Bersini, 2012). 

 Our design pattern is presented using UML, a notation which is commonly used for object oriented 

analysis and design in Software Engineering. A concise introduction to UML, sufficient for understanding 

the following, can be found in Bersini (2012). A more comprehensive coverage of the topic is provided in 

Booch (2007). 

 For capturing structural aspects we use a class diagram and for capturing behavioural aspects we use 

a state machine diagram. Figure 1 shows the structural aspects of the design pattern. Initially we used the 

ESFM as the driving force for our people and intelligent moving objects. Later we decoupled the ESFM 

from the rest of the design pattern so that it can be easily exchanged with a more advanced version of the 

SFM without breaking the design pattern (as for example the HSFM). 

3.2 A Closer Look at the Individual Classes within the Design Pattern 

In this section we only explain the most relevant details. For a better understanding of the details the 

reader is advised to take a look at the illustrative example in the next section and the models related to the 

illustrative example, which can be downloaded from www.openabm.org. 
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Figure 1 Structural aspects of the design pattern 

3.2.1 Person, Group, and Decision 

The design pattern shows that the "Person" class implements the "Movable" interface. In practice this 

means that it needs to implements the method "updateState(decision:Decision)" which receives as a 

parameter an object of type "Decision". This "Decision" object is tailored towards the jobs it has to do 

within the "Person" instance. The "Group" class simply maintains a collection of "Person" agents, and 

allows checking if an agent is a member of a specific group. The "Person" and "Group" agents are 

generated by the "Artificial Lab". 

 From a behavioural point of view in the simplest case a person is walking towards a desired position 

and once the desired position is reached the person is resting either for a period of time or until a 

condition becomes true. This is expressed in the state machine diagram in Figure 2. 
 

 

Figure 2 Simplest behaviour of a "Person" agent 

 During the initialisation of the "Person" agent a destination is defined using the "setDestination()" 

method and the variable "arrivedAtDestination" is set to false. The "Person" agent keeps waking until the 

destination is reached. The path the person agent is following is directed by the SFM, which is embedded 

in the "updateState(…)" method which is constantly called in the background. The pseudocode of this 

method is shown in Figure 3. Note that the "continue" keyword causes the loop to immediately jump to its 

next iteration. Until the "Person" agent has arrived at its destination, the social forces, acceleration, speed, 

position and direction are updated at every time step. Once the "Person" agent is at its destination or is in 

the process of approaching its destination, it will stop moving (the state in the state machine diagram will 

change from "walk" to "rest") and therefore stop calculation all movement related factors. As soon as a 
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new destination is set (which happens outside the "updateState(…)" method), the variable 

"arrivedAtDestination" will be reset, the state in the state machine diagram will change from "rest" to 

"walk", and the "Person" agent starts moving again. At some point the "Person" agent will have reached 

the final destination (e.g. the exit of a building) and will be destroyed by calling the "exit()" method. 
 

For each time step do 

 If arrivedAtDestination // check if it has been reset externally 

  Continue 

 Else if distance (position, destination) < threshold 

  arrivedAtDestination=true // register arrival 

  Continue 

 Else 

  Calculate social forces // using ESFM 

  Calculate acceleration 

  Calculate speed 

  Calculate position and direction 

 End if 

End do 

Figure 3 Pseudocode of "updateState(decision:Decision)" method 

 A very useful feature that allows us to model the behaviour of heterogeneous crowds (in a controlled 

way) is the possibility of defining stereotypes within the "Person" class. These stereotypes could 

influence things like speed, collision radius, and group membership of a person agent. 

3.2.2 Markup, Enterable, and Movable 

Markup shapes are usually used to represent boundaries (e.g. walls) or obstacles (e.g. pillars) or spaces 

(e.g. areas). Some of these markups are not enterable (walls and pillars) and some of these markups are 

enterable (areas). If they are enterable the concrete classes need to implement the methods listed in the 

"Enterable" interface (i.e. "contains()" and "getRandomPoint()"). As we had several examples where we 

also had to represent moving markup shapes (e.g. moving walls, moving display windows) we decided to 

also add a "Movable" interface to our design pattern, which requires the concrete classes to implement an 

"updateStats()" method. This method receives a "Decision" object as parameter which allows the concrete 

movable object (including "Person" agents) to make autonomous decisions (by using the SFM or any 

other method) about their next step. While Markup is an abstract class, "Enterable" and "Movable" are 

both interfaces. The reason behind doing it this way is that some programming languages (e.g. Java) only 

support single inheritance. By using interfaces we avoid issues, when it comes to the implementation of 

the design pattern in these languages. 

3.2.3 Specialised Markups 

The classes "Static Markup", "Enterable Static Markup", "Enterable Moving Markup", and "Moving 

Markup" are examples for concrete classes that extend the abstract class "Markup" and might implement 

one or both of the interfaces - "Movable" or/and "Enterable". In practice these concrete classes would 

represent and get names like "Wall" for a "Static Markup" class, "Area" for an "Enterable Static Markup" 

class, "MovingPlatform" for an "Enterable Moving Markup" class, and "Robot" for a "Moving Markup" 

class. By applying this toolbox approach we produce specialised markup objects with additional 

functionality. Using inheritance and interfaces helps to enforce contracts and therefore the whole becomes 

easier to maintain. In addition, abstract classes help to reduce code duplication (and consequently bug 

propagation) as they provide default implementations for shared methods. 
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3.2.4 Artificial Lab 

The artificial lab hosts all elements of the model (people, groups, and markups) and is responsible for 

providing statistics. It controls the creation and deletion of the elements during initialisation and runtime 

of the simulation (indicated by the composition relationship). The "initialise()" method is used to set up 

the simulation (i.e. to create all relevant elements and to set all parameters, including the ones for the 

ESFM). The "update()" method drives the simulation forward and is triggered automatically on a regular 

basis (e.g. defined by "updateFrequency", e.g. every second of simulated time) once the initialisation is 

completed. It uses the algorithm presented in the pseudocode in Figure 4. 
 

Loop over time horizon 

 If required, create new agents 

 Loop over shuffled list of agents. For each agent A in list: 

  Execute agent A behaviour 

  Update state of agent A (based on agent A's state, the states of agents that 

  interact with agent A, and the state of the environment). 

  Update other agents states and the environment (if appropriate) 

  Update agent A's stats and group stats (if appropriate) 

 End loop over randomized list of agents 

 Update collective stats 

Increment t in time loop and repeat until end of simulation time horizon 

Calculate final stats 

Figure 4 Pseudocode of "update()" method 

 As Figure 4 shows, statistics might be calculated and displayed or stored during runtime or at the end 

of the execution. There are different types of statistics that can be collected: statistics for individual agents 

(e.g. current state); statistics for groups of agents (e.g. "currentGroupSize"); collective stats per round 

(e.g. "currentNumberOfAgents"); results at the end of the simulation run (e.g. "averageNumberOfAgents" 

or "averageTimeInSystem"). The "spawn()" method simply creates a new "Person" agent at an average 

interval of 60/spawnRate, where "spawnRate" is the average number of people arriving per 60 seconds. 
 

4 IMPLEMENTATION OF THE DESIGN PATTERN 

When it comes to implementing design patterns there are often constrains dictated by the software 

packages and libraries used to implement the pattern. While the pattern works well on a conceptual basis 

we have to consider some trade-offs for the implementation. Here we demonstrate the application of the 

design pattern for an exploratory illustrative example that we have implemented in two different 

simulation packages that are commonly used in the field of agent-based modelling. These are Repast 

Simphony 2.5 (https://repast.github.io, accessed 1/12/2018) and AnyLogic 8.1 PLE (www.anylogic.com, 

accessed 1/12/2018). While both implementations are based on the same design pattern their 

implementation differs considerable. The implementations provided here are still work-in-progress and 

through further refactoring we should be able to get them even closer aligned to the structure of the design 

pattern. However, this is outside the scope of this paper. Here we only provide a proof-of-concept 

implementation. 

 Due to space constraints we are only able to present a description of the illustrative example and then 

we focus on the constraints that we experienced with the different packages during the implementation 

phase. Both models are available for download from www.openabm.org. They are well documented and 

should therefore be easy to understand. 
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4.1.1 Illustrative Example from Adaptive Architecture 

The following illustrative example describes the development of an exploratory simulation model of a 

non-existing human-centric system. Here we are conceptualising some ideas on adaptive architecture, 

using the design pattern as a basis for building an artificial lab. The aim is to develop a model that can 

help to study the impact of an adaptive wall (a wall that moves forwards and backwards) inside a room. 

The adaptive wall separates the main room into two smaller room parts while there are gaps which people 

can still move through to another room. The general objective of such an adaptive design is to maximise 

the space utility, making the room with more people inside larger and vice versa. 

 Here we do not only use the ESFM for modelling the movement of people but also for modelling the 

movement of a movable markup (i.e. the adaptive wall). This means that the adaptive wall's movement is 

guided by social forces. Such modelling capability will be particularly useful if we think about the fact 

that we will be surrounded by intelligent moving objects in the not so distant future, and the design 

pattern supports the model design for such systems. Walls and the pillar are modelled as static markups. 

 To model the behaviour of the people inside the building we consider the states and transitions shown 

in Figure 5. After entering a room, a person agent (or a group) moves to a target space inside the room 

part it entered and holds the position for a period of time. At the end of that period the person agent (or 

group) decides to either move to the other room part or to exit the room. In the prior case finding the door 

to that room part and moving through the door will be the next actions. In the latter case exiting and 

eliminating itself will be the next actions. The transaction arrows inside some of the states provide the 

person agent (or group) with the capability of updating their destination while in those states under 

consideration of the movement of the adaptive wall. The double transaction arrow pointing to exiting state 

is responsible for the different transaction condition of an individual and a group. The adaptive wall does 

not require a state machine as it is constantly moving under a static restriction. In other words, it stays in a 

single "working" state throughout the entire simulation runtime and therefore no state machine is needed. 

 

 

Figure 5 Behaviour of a "Person" agent for this specific example 

 While we were running the simulation we discovered emerging behaviours that we did not expect to 

see. When there are more people in total inside the room, the adaptive wall seems to move much slower 

and react milder to density change in both room parts. This is a good example of where emergent 

properties within the simulation can lead to new insights. An explanation might be that the social force 

becomes larger as more people are staying inside the room, and the impact of the same amount of people 

leaving or entering the room will not be as large as if we have an almost empty room. Further experiments 

will be necessary to confirm this observation and the initial explanation.  

4.1.2 Repast Implementation 

Repast Simphony is an advanced, free, and open source Java based agent-based modelling and simulation 

platforms (https://repast.github.io, accessed 1/12/2018). Amongst others, it provides the following support 

for the implementation of simulation models: rendering, scheduling, continuous space representation, and 

a statechart library. For everything else we have written our own Java code. At the time we developed the 

implementation we felt that the decision algorithms for the different types of movable subjects/objects 

(i.e. the person and adaptive wall) differ quite a bit, although they are both driven by the ESFM. 

Therefore, our initial approach was to embed the decision algorithm within the classes that require the 

94

https://repast.github.io/


Siebers, Deng, Thaler, Schnädelbach, and Özcan 
 

decisions, rather than extracting the decision process into a separate class. Some further research is 

needed to come up with a separate decision class, as proposed in the design pattern. Other than that the 

Repast implementation is closely aligned with the original design pattern. We are currently in the process 

of refactoring the model to derive a separate decision class, and therefore get the implementation closer 

aligned with the original design pattern. The expected big benefit is of course that we avoid code 

duplication and that we make the software much easier to maintain and extend. Figure 6 shows the current 

implementation class diagram for Repast. 
 

 

Figure 6 Implementation class diagram for Repast (blue = our classes; grey = non implemented classes) 

4.1.3 AnyLogic Implementation 

AnyLogic (www.anylogic.com, accessed 1/12/2018) is a proprietary multimethod simulation modelling 

tool, supporting amongst others agent-based modelling. It offers an edition that is free for self-educational 

and educational purposes. In AnyLogic the "Agent" class found in the package com.anylogic.engine is a 

base class for all agent classes created by the user. It is the main building block of AnyLogic models and 

can have parameters, variables, ports, events, statecharts and embedded agents and/or agent populations. 

In addition an abstract "Markup" class is provided in the package com.anylogic.engine.markup, including 

the concrete sub classes to represent static and enterable static markups. We have used these classes as a 

basis for our implementation. Similar to Repast, AnyLogic also offers support for rendering, scheduling, 

continuous space representation, and a statechart library.  

 For "everything that moves" we had to develop our own subclasses that all inherit some base 

functionality from the "Agent" class. The same is true for the artificial lab. Figure 7 shows the resulting 

implementation class diagram for our AnyLogic model. As with the Repast we will attempt to make it 

even closer aligned with the original design pattern in the future (e.g. extracting the SFM/ESFM specific 

functionality from the "Decision" class). 
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Figure 7 Implementation class diagram for AnyLogic (orange = AnyLogic classes; blue = our classes; grey = non-
implemented classes) 

5 CONCLUSION 

In this paper we have presented a design pattern for modelling people's and objects' motion behaviour and 

for modelling the environments they are moving in. Furthermore we demonstrated its application in two 

different simulation packages, using an illustrative example from the field of adaptive architecture. 

 In the future we aim to continue refactoring the current implementations in Repast Simphony and 

AnyLogic to get them even closer aligned with the original design pattern. We would also like to test the 

design pattern applicability in other domains. Furthermore, we also consider to provide an extension to 

the ESFM. We realised that there are some shortcomings, when the ESFM is used to model enclosed 

spaces. These include things like the "artefact of sudden notice" or the "artefact of visual oblivion". In the 

ESFM the agents are only aware of what is happening inside their vision area. The "artefact of sudden 

notice" refers to the situation when an agent changes direction by turning around and a huge crowd 

suddenly appears in its vision area. Due to the strong force instantly received from the crowd the agent 

will flee from the current position. The "artefact of visual oblivion" refers to the situation when an agent 

sees multiple obstacles standing between it and its destination and decides to turn around. If there are no 

obstacles in the vision area after turning around it will instantly turn back to head toward its destination. 

This can end in an infinite loop. We produced some ad-hoc solutions to overcome these issues, but we 

want to see if we can create solutions that are more related to what happens in the real world. We are 

currently thinking about adding interactions one cannot see (e.g. hearing but perhaps also other senses). 

  Another big challenge is the calibration of the ESFM for different social and cultural contexts (e.g. a 

museum visit in comparison to a dance club visit requires very different calibrations. We aim to develop a 

library of settings for the different contexts. 
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 Overall we believe that what we presented in this paper has opened up many opportunities and we are 

looking forward to see that others will use the design pattern or the proposed implementations for their 

own model development.  
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ABSTRACT 

Input model uncertainty refers to the uncertainty surrounding the choice of distributions and their parameters, due to 

the use of finite samples from the population. Input model uncertainty is often not included in the standard output 

analysis, something that could result in confidence intervals that are too optimistic. This paper discusses how the 

input model uncertainty in a model used by Ford Motor Company is quantified using mean-variance metamodel 

approximation. The variance caused by input model uncertainty is deduced and expressed in units of simulation 

sampling error. The assessment estimates the distributions’ contributions to input uncertainty and the sample size 
sensitivities. The method also entails the construction of a metamodel that relates the means and variances of the 

distributions included in the assessment, to the means of the simulation output. This metamodel, could be used as a 

quick stand-in to the model comprising of the distributions included in the assessment.  

 

Keywords: Input Uncertainty, Metamodel, Manufacturing, Automotive 
 

1 INTRODUCTION 

 The established simulation approach often ignores the uncertainty arising from input modelling, i.e. the 

process of identifying the distributions that could be used as stand-ins to the true distributions that 

describe the population, and therefore reports narrower confidence intervals (CIs). Those CIs need 

adjustment to account for input model uncertainty. This uncertainty is introduced into any simulation 

model, due to using distributions to describe the real world. Standard -theoretical- distributions, or 

empirical ones are used, as stand-ins for the true distributions. The modeller can only collect finite data, 

and through them derive estimators of the true population distributions. 

Ford’s Powertrain Manufacturing Engineering (PTME) department oversees the planning, installing, 

and launching of the main modifications to Engine Manufacturing facilities for the company’s small 
petrol and Diesel engines, globally. We are interested in understanding the effect of input uncertainty on 

the output of simulation models that have been used to support real-world decisions at PTME. Hence, the 

objective of our work is to apply the method developed by Song and Nelson (2015) to quantify the input 

uncertainty in one of the models. Contributions to input uncertainty, related to the overall simulation 
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error, will guide us towards a more insightful data collection process, or at least inform us about the 

quality of the separate input streams. We use the method proposed by Song and Nelson (2015) to quantify 

the input uncertainty because it is relatively easy to implement in VBA. The simulation model we use in 

this paper is developed using Witness™ which provides a nice interface with VBA. 

In this paper, we use a model that simulates stations in a specific area within one of Ford’s production 

lines. Those stations are either automatic, operated by machines, or manual, operated by Ford personnel. 

The model operates at such a detailed level due to the nature of the decisions that are supported by the 

model. Hence, the model has many inputs comprising of both deterministic (e.g. cycle time, tool change), 

and stochastic (e.g. breakdown, repair) inputs. Based on the feedback from Ford simulation team, we 

focus on Time-Between-Failure (TBF) and Time-To-Repair (TTR). A bespoke tool collects these data 

from plant databases and generates the corresponding distributions that will be used in the simulation 

model.  

The overall aim of our project was to develop a detailed “cookbook” on how to tackle the input 

uncertainty problem that could be implemented simply by the company. Implementing the proposed 

method will enable the modeller to assess how much uncertainty in the results, is caused by the 

uncertainty introduced by estimating the distributions used as stand-ins to the true distributions. It is 

known that in some cases, the error associated with input model uncertainty, can surpass the overall 

simulation error (e.g. Song and Nelson, 2015). It is possible, if input model uncertainty is not accounted 

for, that the modeller’s suggestions derived from his/her analysis are quite different from the ones that 

would result from an output analysis that accounts for input model uncertainty. There are real applications 

(e.g. Barton, 2012; Song, Nelson and Pegden, 2014), where this is the case. 

The remainder of this paper is organised as follows. First, we review the literature, setting the 

framework for the work that has been done. Then, we briefly describe the model that was used for the 

implementation. Following, we describe the experimentation setting and the results obtained from the 

experiments. Finally, we conclude with relevant findings, limitations of the method, and future work. 
 

2 LITERATURE REVIEW 

Song, Nelson and Pegden (2014) state that input uncertainty is dependent both on the size of the real-

world samples that the modeller uses for estimation of input models, and on the sensitivity of the output, 

with respect to input models. They state, that the primary driver for sensitivity analysis (SA) is the 

variance decomposition of the main output, assuming that the distributions of the input parameters are 

known, into individual contributions of each input parameter. As the number of parameters increases, 

evaluating the contributions becomes more and more expensive. The problem we are interested in, 

considers the uncertainty surrounding input model distributions, and the inherent variability from 

simulation (Song, Nelson and Pegden, 2014). Therefore, input model uncertainty is a broader problem, 

dealing with more abstract concepts, rather than identifying the effect of percentage changes over or 

under the designated benchmarks. 

Extensive literature (e.g. Cheng and Holland, 1997; Barton and Schruben, 2001; Chick, 2001; 

Freimer and Schruben, 2002; Henderson, 2003) has motivated the importance of understanding input 

uncertainty. Henderson (2003), illustrates that depending on the researcher, input uncertainty can take 

many names. Respecting previous contributors on the matter at hand, Henderson follows the mostly used 

definitions. He clarifies the distinction between model uncertainty (also known as structural, subjective, 

or epistemic uncertainty), the uncertainty surrounding the choice of input distributions, and parameter 

uncertainty, the uncertainty arising from the choice of parameters for the already known -or assumed 

known- input distributions. Finally, the term that summarises both aforementioned uncertainties is input 

model uncertainty, which is our main concern, and the term that seems the most consistent across 

literature. 

The main reason we address input model uncertainty, is because the errors it introduces may exceed 

the simulation sample error, as shown in many papers (Cheng and Holland, 1997; Chick, 2001; Barton et 
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al., 2002; Song and Nelson, 2015), and thus can lead the modeller to incorrect decisions (Henderson, 

2003). It is apparent that the common belief, regarding the separability of input modelling and output 

analysis, is rather misleading. Barton and Schruben (2001) suggest that, should those topics be treated as 

entirely separable, when simulation data is generated, there can be severe consequences. Our work aim to 

study the feasibility and challenges faced in quantifying the input uncertainty of a real-world simulation 

model. 

 

3 THE SIMULATION MODEL 

The model we used encompasses a series of conveyors, buffers, manual operators, and automatic 

machines, each of which uses its own empirical distributions with data obtained directly from the plants’ 
databases. At several points across the assembly line, parts are diverted for rectification, or moved on to 

the next operation. Various parameters are set upon designing of the model, such as cycle times for 

automatic and manual operations (deterministic), conveyor speed, number of platens, and platen length. 

Due to the size of the assembly line, the model is divided into zones and areas. Due to the complexity 

of such a model the implemented method is restricted to one zone, for which the bottleneck operations 

were identified. We chose two of those operations, one manual and an automatic, for each of which we 

possess one distribution for TTR and one for TBF. For our implementation we developed a solution with 

Witness Experimenter™ to automate reading and modifying the various distributions.  

Table 1 presents the two operations that participate in the assessment of input uncertainty. Both 

operations are machines that possess TTR and TBF distributions for their occasional failures. The 

automatic operation is responsible for picking up the crank and fitting it to the constructed part, and the 

manual operation comprises of a series of drain plugs. 

Table 1 Repair and Breakdown Distributions Used in the Assessment 

Repair Distributions Failure Distributions 

D_OP_A_2 FailD_OP_A_2 

D_ OP_M_1 FailD_ OP_M_1 

 

4 THE EXPERIMENT 

Following Song and Nelson (2015) and an example given in Onggo and Morgan (2017), we conduct the 

following experiments: Nominal Experiment (which is the standard practice in output analysis), 

Diagnostic Experiment (where input uncertainty is measured), Follow-up Experiment (which is 

essentially another nominal experiment, with refined input data based on the result of the diagnostic 

experiment) and Side Experiment (to validate the result of the diagnostic experiment). To help us with the 

experiment, we have developed a tool written in VBA to automate the preparation needed for the side and 

diagnostic experiments. The tool makes the process of quantifying input uncertainty a fairly straight-

forward process for the practitioner by making the detailed mechanics of the method transparent.  

4.1 Nominal Experiment 

We used Welch’s method to identify the warm-up period, a convergence metric (Robinson, 2004) along 

with feedback from the company to estimate an appropriate run length period, and the CI method to 

assess the number of replications. Our run length analysis, and experimentation with the chosen 

distributions, suggested a run length of 30 days, a warm-up period of 3 days, and 3 replications. The 

resulting CI was [33.952 , 33.999] in Jobs Per Hour (JPH), at a 5% confidence level. 
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4.2 Diagnostic Experiment 

To automate the diagnostic experiment, we introduced a dummy part into the simulation model 

containing a code block that modifies, simultaneously, all distributions considered in the input uncertainty 

assessment. We have followed the suggested batch size � > � + +  √ �+� , where L is the number of 

input distributions and  is the threshold for the marginal decrease in the variance. For a marginal 

decrease of 2% and four input distributions, the resulting B was 33. Due to the high fidelity level of the 

model, we were allowed only one replication of this experiment. As shown in the nominal experiment, the 

variance in the model is low and the simulation duration is long enough to reach the steady state. Hence, 

one replication in the diagnostic experiment is acceptable in our case.  

 In the diagnostic experiment, the regression metamodel relates the means and variances of the input 

distributions to the mean of the simulation output. The contributions of each input distribution can be 

found in Table 2. The overall input uncertainty (�̂) is the sum of the individual contributions, and the 

sample size sensitivities are calculated and scaled to -1. The table shows that the main contributor of input 

uncertainty is input FailD_OP_M_1 which the TBF of manual operation 1. The result also suggests that 

the variation in the simulation output that is caused by input model uncertainty, is 110% of the simulation 

sampling error. 
 

Table 2 Diagnostic Experiment: Assessment of Input Uncertainty 

Output (JPH) D_OP_M_1 FailD_OP_M_1 D_OP_A_2 FailD_OP_A_2 

Contributions 0.024 206.146 0.154 0.168 

Contributions (%) 0.01 99.83 0.07 0.08 
Sample Size Sensitivities -0.0001 -1 -0.001 -0.001 

Overall Input Uncertainty 206.493 γ̂  1.1 

 

 From the decision maker’s perspective, the result also means that, should the opportunity for further 

data collection arise, the most benefit would occur from collecting data for FailD_OP_M_1, since this 

input stream is the most sensitive to additional real-world data. On the other hand, the repair distributions 

for the other operations seem to be almost insensitive to new real-world data, and collecting additional 

repair data for OP_M_1 would add no value whatsoever. It is worth mentioning that if we were to collect 

more data for the breakdowns of OP_M_1, �̂ would decrease as the available dataset became richer. Alas, 

it would not reach zero, due to the input uncertainty of the other input data. For example, when we ran the 

Diagnostic Experiment with B = 11, the �̂ was 1.169 and we increased B to 33, �̂ decreased by 7%. 

The Diagnostic Experiment identified FailD_OP_M_1 as the most sensitive to new data, and thus, the 

most crucial to investigate. Furthermore, we now have a sense of how much of the variability in the 

model, is caused by the uncertainty in input models, and we can adjust the reported CIs, with the -

quantified now- uncertainty of the input models. Therefore, with the heuristic that Song and Nelson 

(2015) proposed, the 95% CI reported in the nominal experiment, becomes �̅ �̂ ± ��2 �̂√�  √ + �  , that is . ± . 6 ∗ . 6 6√  √ + .  ≡ [ . , . ]. It is apparent that, should 34 (JPH) be a threshold that 

could not be breached, or a target that should be met, the suggestions to management would be different 

than those arising from the standard output analysis that ignores input model uncertainty. 

4.3 Follow-up Experiment 

The results presented in the latter section are indicative of the value the method can add to the simulation 

effort. If there is opportunity for further data collection, the input stream(s) identified as the greatest 

contributor(s) to input model uncertainty, with the greatest sample size sensitivities, should be enriched 
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with additional data. Then, the refined distribution would be fed into the model, and a new nominal 

experiment would commence. The results of this experiment are proved to be more accurate, and no 

pooling of results from previous experiments should be attempted. 

 If additional data collection is not possible, or too expensive, the results already reported provide 

good insights as to the level of confidence we should place on the input modelling that is already part of 

the simulation effort. For example, if we were to collect additional data, we would collect data for the 

TBFs of operation OP_M_1. How this would affect input uncertainty is yet unknown, but the reduction of 

input uncertainty is certain. Where additional data collection is not feasible, Song and Nelson (2015) have 

introduced a weighted average for the scenario, and a heuristically adjusted CI. In our case, with an input 

uncertainty �̂�  of the magnitude we observed, the heuristically adjusted CI is too wide for any sensible 

interpretation, but should the sample variation be comparable to input uncertainty, we would substitute 

the CI from the nominal experiment with a narrower CI.  

4.4 Conducting the Side Experiment 

A side experiment can be used to validate the result of our diagnostic experiment. In this approach, we 

assume that the generated data are derived from the true distributions (which is obviously not the case). 

Hence, we can estimate the contribution directly from its definition. The contributions of the four input 

data streams are presented in Table 3. The result shows that operation FailD_OP_M_1 has the largest 

contributions and is the most sensitive. Although the estimates of the contributions of each input model 

are different between the Side and the Diagnostic Experiments, both suggest the same input model as the 

most beneficial to investigate.  

Table 3 Side Experiment: Contributions to Input Uncertainty 

Output (JPH) D_OP_M_1 FailD_OP_M_1 D_OP_A_2 FailD_OP_A_2 

Contributions 0.142 0.323 0.027 0.007 

Sample Size Sensitivities -0.438 -1.000 -0.082 -0.022 
 

5 CONCLUSION 

We have demonstrated how input uncertainty in the simulation model of one of Ford Motor Company’s 
production lines is quantified using a mean-variance meta-model proposed in Song and Nelson (2015). 

Our experiment has shown that the input model uncertainty is in fact slightly greater than simulation 

uncertainty. Hence, ignoring input uncertainty may affect planning decisions. We have also shown how 

individual contributions, and the sample size sensitivities provide guidance with regards to the best 

candidates for additional data collection. The experiments have also shown that even with an expensive 

model, valuable insights can be generated when assessing input uncertainty. To support our experiment, 

we have developed a tool written in VBA to help Ford Motor Company’s engineers carry out the side and 

diagnostic experiments more efficiently. Further development of our tool is needed to automate the 

process from the data collection by the bespoke tool to the analysis of the result of the experiments. The 

adjusted, inflated, CI includes the value of 34 (JPH), which could be a target set by current manufacturing 

standards.  
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ABSTRACT 

Right Hospital – Right Time (RH-RT) is the conceptualisation of the application of descriptive, predictive and 

prescriptive analytics (including simulation) with Urgent Care/A&E wait time data; its objective is to derive the 

maximum value from wait time data for the benefit of both patients and the NHS. The paper presents an architecture 

for the implementation of RH-RT that is specific to the authors’ current work on a digital platform that makes 

available live waiting time data from multiple centres of urgent care (e.g., A&E departments, Minor Injury Units, 

etc.) in Devon and Cornwall (NHSquicker). The focus of the paper is on the prescriptive analytics component of 

RH-RT and which could be realised through a Hybrid Systems Model (HSM) comprising of business intelligence, 

forecasting techniques and computer simulation. The contribution of the paper is the conceptual RH-RT framework 

and its implementation architecture that relies on near real-time data from NHSquicker. 

 

Keywords: Real-time Data, Business Analytics, A&E Simulation, Hybrid Systems Modelling, 

NHSquicker 

1 INTRODUCTION 

The UK National Health Service (the NHS) is going through a period of transition. Demand for NHS 

services is increasing while the component Trusts are being asked to make drastic cost savings and to 

manage their budgets even more robustly. Accident and Emergency (A&E) attendances in 2016 in 

England were 5.2% higher than in 2015 (roughly translating to an average of 2200 attendances/day in 

major emergency departments or EDs) and this contributed to an increasing number of patients breaching 

the 4-hour target (16.2% in 2016, compared to only 4.8% in 2011) (HCL, 2017). To ease pressure and to 

meet the 95% standard in A&E (i.e., a minimum of 95% patients attending an A&E department should be 

either admitted, transferred or discharged within 4-hours of their arrival), the UK Government announced 

an extra £100 million A&E capital funding in its 2017 budget, with part of this funding being used for 

primary care streaming and co-locating GP practices within A&E departments (Gov.uk, 2017). The 

support for clinical streaming in the A&E department, including streaming to co-located primary care 

services, was initiated by NHS England and NHS Improvement and was published in July 2017 (NHS 

Improvement, 2017). Although GP co-location (including out-of-hours primary care) is not a new concept 

(e.g., Wilson, 2005, Iacobucci, 2014), its current emphasis is upon reducing the burden of primary care 

patients attending ED departments. However, there is little evidence to support such co-location 

strategies. A recent review by Ramlakhan et al. (2016) analysed existing literature on GP-delivered, 

hospital-based unscheduled care services; it noted an increase in attendance (which the authors attribute to 
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provider-induced demand), limited evidence of improved throughput and marginal cost savings per 

patient.  

Our current work, although similar in objectives to the GP co-location strategy, is based on the vision 

articulated by The Keogh Review of urgent and emergency care (Urgent and Emergency Care Review 

Team, 2013). This states that people with urgent but non-life threatening needs should be treated outside 

of hospitals by services that deliver care in or as close to people’s homes as possible (e.g., Minor Injury 

Units (MIUs), Urgent Care Centers (UCCs)) while those with more serious or life threatening emergency 

needs are treated in centres having the very best expertise and facilities specific to those needs. Increased 

localization of the treatment of those with less serious needs will relieve pressure on the hospital-based 

emergency services, thus freeing up resources to cater for patients with more serious and life-threatening 

conditions such as severe chest pain, serious blood loss, choking and unconsciousness. The success of this 

partitioning policy is dependent on two related factors, namely the presentation of patients at the 

appropriate treatment facility and the capacity of the EDs, in particular, to cope with demand. Inevitably 

the capacity of EDs is finite, and it is highly desirable that patient demand be spread among the available 

facilities in a given region, so as to reduce waiting time and to shape demand, thus spreading the pressures 

on staff and facilities.  

In response to these policies and requirements, we have worked with several NHS Trusts in the South 

West of England to investigate how existing data, already being captured at the urgent care centres, could 

be used to:  

(a) encourage prospective patients to choose the appropriate type of treatment facility for their 

condition, so that only those with more serious needs present at the A&E EDs. The aim of this is 

to reduce the overall demand on the A&E facilities by redirecting less serious cases to the more 

appropriate facilities of MIUs and UCCs, thus reducing waiting times at the A&E facilities.  

(b) shape demand at A&E facilities by encouraging patients needing such facilities to choose a 

destination with a lower waiting time. 

 We aim, thus, to influence destination choices made by prospective patients so as to aid NHS frontline 

staff in their day-to-day operations, firstly by improving the appropriateness of centre choice and 

secondly by smoothing demand over inevitably stretched facilities, particularly those offering emergency 

treatment. We explain the effect (a) has on (b). Patients do not have a direct role in managing the 

operations of an urgent care facility. However, the decisions they take have a bearing on its performance. 

For example, when confronted with the need for urgent treatment, the intended users have to make 

location decisions as to the place of treatment. If they are unaware of the availability of urgent care 

services appropriate to meet their needs close to where they are located, they will usually choose to go to 

A&E as they are confident they will be seen and have their needs met (Mustafee et al., 2017a). This may 

lead to the overcrowding of A&E, while at the same time, MIU/UCCs that are located nearby may be 

operating under capacity; both cases will have operational implications.  

 Right Hospital-Right Time (RH-RT) is our high-level conceptual view of how wait-time data could be 

churned using descriptive, predictive and prescriptive analytics. Our aim is to derive maximum value 

from the resultant information and knowledge, and putting it to use for the benefit of both patients and the 

NHS. In our study, the NHSquicker platform (H&CIN, 2017a; H&CIN, 2017b) provides data for the 

implementation of RH-RT. As the paper is being offered to a simulation conference, the focus of this 

work is on the prescriptive component of the RH-RT architecture, which could be realised using a Hybrid 

Systems Model, or HSM for short. The remainder of the paper is structured as follows. Section 2 provides 

an introduction on real-time data and Business Analytics (BA). In Section 3, we present our conceptual 

RH-RT framework which essentially shows how the different elements of BA can be used together for the 

analysis of wait time data. Section 4 provides an overview of NHSquicker. This leads on the 

implementation architecture for RH-RT which is based on data from NHSquicker (Section 5). We restrict 

the focus of our discussion to the prescriptive element of RH-RT through the use of Hybrid Systems 

Modelling (HSM). In the concluding section we outline some of the challenges of implementing 

NHSquicker/RH-RT and outline future work. 
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2 BUSINESS ANALYTICS 

BA solutions are data-driven. An understanding of data, its structure, the frequency of data update, etc. 

are important considerations which help to determine the suitability of specific BA approaches. Our 

discussion thus begins with an outline of what we mean by real-time operational data and its potential use 

in informing patients’ A&E/MIU/UCC attendance choices (section 2.1). This is followed by a brief 

outline of the different forms of BA (sections 2.2, 2.3 and 2.4).  

2.1 Real-Time Data in Urgent Care/A&E Context 

Emergency Department Management Systems (EDMS) are widely deployed in healthcare facilities to 

collect, store and retrieve patient-specific information. The data captured by such systems also include 

non-clinical data, for example, date and time of arrival, mode of transport, the source of referral and 

postcode. The raw data can be effectively transformed into meaningful information with the objective of 

providing effective strategic, tactical and operational insights to decision-making (Evelson 2010). For 

example, EDMS like Symphony include features such as real-time monitoring of the 4-hour wait time data 

and real-time patient management (EMIS Health, 2016). Data captured by such systems are subject to 

policies concerning regulation and governance of patient-specific data. This usually translates to data 

access being provided to mainly healthcare professionals, clinical audit teams and researchers with 

necessary approvals. However, considering that some of the data captured by EDMS are not of a clinical 

nature but are operations specific, making this data available to the wider group of stakeholders, including 

patients, can have a positive impact on the delivery of A&E services. Further, this may lead to a feeling of 

self-activation (taking control) and early reduction of anxiety among patients..  

2.2 Descriptive Analytics 

Descriptive analytics (DA), usually defined as Business Intelligence (BI) (Saxena & Srinivasan, 2013; 

Chen et al., 2012), analyses and presents data using techniques such as descriptive statistics, data 

summaries and real-time reporting. It describes the ability of a business to collect, maintain, and organise 

knowledge, allowing decision-makers to quickly assess performance by visualising aggregated data, often 

using Key Performance Indicators (KPIs) to compare current performance against targets for business 

objectives. While BI shares the same broad aim as DA more generally: to convert raw data into 

meaningful information, and information into insights for making better strategic, tactical and operational 

decisions (Evelson 2010), Haas et al. (2011) asserted that historical data alone, no matter how it is 

packaged and presented, remains simply a record of history which provides limited insights or solutions. 

It is arguable that the combined use of historical and real-time data can alleviate some of these criticisms. 

For example, NHSquicker (H&CIN, 2017a; H&CIN, 2017b) has been developed to make available real-

time data, while also providing APIs that enable the download of historical snapshots with time stamps.  

2.3 Predictive Analytics 

The term predictive analytics is loosely defined in the literature. In its most general sense refers to any 

method which can support predictions about what might happen including data mining, forecasting, and 

mathematical approaches (Delen & Demirkan, 2013; Shao et al., 2014; Waller & Fawcett, 2013). More 

commonly, at the other end of the spectrum, predictive analytics is characterised far more specifically as 

data-driven machine learning methods for making predictions (Mortenson et al., 2015; Abbott, 2014) and 

is often considered to be a subset of, or synonymous with, ‘Big Data’ applications (e.g., Koh & Tan, 

2005; Janke et al., 2016; Vidgen et al., 2017). Taking the broader perspective, forecasting describes a set 

of methods which have been used extensively in healthcare to predict events based on prior 

foreknowledge from historical data and other sources of information.  

107 



Mustafee, Powell and Harper 
 

2.4 Prescriptive Analytics 

Prescriptive tools inform decision making by suggesting a solution path, for example, simulation can 

anticipate the consequences of unforeseen interactions and prescribe interventions on the basis of tested 

scenarios (Marshall et al., 2015), while optimisation is a prescriptive method as it suggests the ‘best 
available’ values for a given function (Hoad et al., 2015). Simulation models can be seen to be both 

predictive and prescriptive (Adra, 2016), while optimisation techniques are considered to be prescriptive 

methods (e.g., Shao et al, 2014).  

3 RIGHT HOSPITAL-RIGHT TIME (RH-RT): CONCEPTUAL FRAMEWORK  

This section presents our conceptual Right Hospital-Right Time (RH-RT) framework for the analysis of 

urgent care wait time data using methods from business analytics. The use of the framework is not reliant 

on a specific product/platform (e.g., NHSquicker or WaitLess) for its data needs, but rather based on four 

assumptions: (a) access to data which includes the current date and time, the waiting time, the number of 

patients waiting to be seen and the total number of patients in the department, (b) access to data feeds 

from multiple centres of urgent care (A&E, MIUs, UCCs, Walk-in Centres) located in a defined 

geographical area (e.g., NHS Trusts and Sustainability and Transformation Plan footprints(STPs)), (c) 

availability of near real-time data, and (d) availability of historical data.  RH-RT comprises of the 

following six components – data format, input, analysis, output, feedback and computation & storage. As 

can be seen from Figure 1 below: 

Descriptive 

Analytics

RH-RT Conceptual Framework

Data 

Format

Analysis Predictive 

Analytics

Prescriptive 

Analytics

Output

Structured 

Data

Unstructured 

Data

Computation & 

Storage

Input Near Real-

Time Data

Historical 

Data

Feedback

 

Figure 1 The Right Hospital – Right Time Framework illustrating the various high-level components, its constituent 

elements and feedback loops 

 The Data Format component comprises of two elements - structured data and unstructured data. 

Structured data could take the form of information exchange standards, database schema, etc. 

Unstructured data can take the form of emails, word documents, twitter and other social media feeds 

(e.g., patients may tweet waiting times they experienced in an A&E department, a hospital Trusts may 

report that an urgent care facility is unusually busy). Unstructured data may be used to supplement 

regular data updates and as historic data. However, we do not contemplate that unstructured data will 

replace the structural element of RH-RT. 

 The Input component is made up of near real-time data and historical data. The data that is available 

for analysis is governed by the Data Format component (Data Format  Input). 

 The Analysis component has descriptive, predictive and prescriptive elements. RH-RT does not 

impose specific algorithms, methods or techniques for the three aforementioned elements of the 

framework. For example, the healthcare analyst implementing the predictive element of RH-RT may 

use classical OR forecasting methods, statistical modelling, Machine Learning/Deep Learning or any 

other technique that can produce the output being expected by RH-RT. Similarly, the prescriptive 

element of RH-RT is not restricted to particular simulation or optimisation techniques. The Data 

Format governs the algorithms and techniques that are used specifically in the Analysis component 

(Data Format  Analysis). Both real-time data and historical data (the latter retrieved from storage 
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systems) can be used by the algorithms performing the analysis (Input  Analysis; Computation and 

Storage  Analysis).  

 The Output component represents the results of analysis performed by the RH-RT Analysis elements 

(Analysis  Output). The output may be stored as input for future analysis (Output  Computational 

& Storage) 

 Feedback underlines the need for a joined-up approach when using the descriptive, predictive and 

prescriptive elements for data analysis and the potential of using the output from one form of analysis 

as the input to subsequent analysis (feedback is represented as dashed circles in Figure 1). Another 

important feedback loop is the one that intersects the input (near real-time data) and the analysis 

components of RH-RT. This loop highlights the need to constantly monitor the predictions with real-

time data, to calibrate the analytical models.  

 The Computational & Storage element signifies the importance of having the right infrastructure for 

data storage (required for the RH-RT input component - historical data) and computation (e.g., stand-

alone storage and execution, Hadoop and MapReduce, Cloud Computing). RH-RT does not impose 

any particular model and it would depend on the volume and velocity of data (reference here to two 

fundamental characteristics of BigData) to identify the right storage and computation approach to 

enable real-time data processing (Data Format and Input  Computation & Storage). 

4 NHSQUICKER 

NHSquicker is a digital platform that makes available live waiting time data from A&E departments, 

Minor Injury Units (MIUs), Walk-in Centre (WICs) and Urgent Care Centres (UCCs) from multiple NHS 

Trusts in Devon and Cornwall. The platform comprises of an information exchange standard, a content 

management system, a mobile app (also called NHSquicker) and aspects of an evidence capture 

framework, in particular, app analytics. It has been developed by the Health & Care IMPACT Network 

(http://www.health-impact-network.info/), which is a collaboration between health and care organisations 

and universities, primarily in the South West of England. The purpose of the network is to improve 

delivery of health and care through applied research, knowledge dissemination and decision support. The 

network was founded through a collaboration between Torbay and South Devon NHS Foundation Trust 

(Directorate of Strategy & Improvement) and the University of Exeter Business School. 

 In the remainder of this section, we unpick the important elements of the platform, an understanding 

of which is essential to the ensuing discussion on the implementation architecture for RH-RT. We present 

a short overview of the data, the standard for information exchange (co-developed with our NHS 

partners), the backend content management system and the NHSquicker app. Note that the app is only one 

component of the overarching NHSquicker platform.  
 

A. Data Feed and Frequency of Update: At the time of writing, data feeds are being received from 23 

centres for urgent care (including five hospitals with A&E departments). We are working with the 

providers of a further six MIUs/UCCs/Walk-in centres to make their data live. The total of 29 centres 

belong to the following six NHS Trusts and one Medical Practice (Table 1) – Torbay & South Devon 

NHS Foundation Trust (TSDFT), Royal Devon & Exeter NHS Foundation Trust (RD&E), Northern 

Devon Healthcare NHS Trust (NDHT), Royal Cornwall Hospitals NHS Trust (RCHT), Plymouth 

Hospitals NHS Trust (PHT), South Western Ambulance Service NHS Foundation Trust (SWASFT) and 

Claremont Medical Practice. Currently, these data feeds are being received from ED information 

management systems like PatientFirst (RD&E), Symphony (TSDFT), TracCare (NDHT) and Oceano 

(RCHT). The frequency of data update is managed by individual trusts (usually 5-15 minutes). 

 

B. Information Exchange Standard: We organised the 3
rd

 Health & Care IMPACT event in the 

University of Exeter Business School (June 2017) with the purpose of engaging with our partner NHS 

trusts to co-develop the design of the platform (H&CIN, 2017c). One important objective of the event was 

to agree to one information exchange standard for sending data from the various ED management systems 
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to our system. As can be seen in Figure 2 (top-left), the data structure includes the Trust to which a centre 

belongs (trust_id), information whether a centre is an A&E department or a MIU (department), the 

longest waiting time (waiting_time), the number of patients waiting to be assigned to a clinician 

(patients_waiting), total number of patients in the department (patients_total), the opening and closing 

time of a center (opening, closing), its geographical coordinates (long, lat), etc. This data is sent to the 

NHSquicker backend using the JavaScript Object Notation (JSON) data-interchange format. Figure 2 

(top-right) presents a screen shot of the raw data, and which adheres to the information exchange standard 

agreed by the partners. 

Table 1 Data Feeds for the NHSquicker Platform (as in Dec 2017) 

Trust/ 

Practice 

Trust Name Total Type of Urgent Care Facility Not 

Live 

RD&E Royal Devon & Exeter NHS Foundation Trust 2 1 A&E + 1 MIU  

NDHT Northern Devon Healthcare NHS Trusts 5 1 A&E + 3 MIU + 1 Walk-in Centre 1 

SWASFT South Western Ambulance Service NHS Foundation Trust 1 1 UCC 1 

CMP Claremont Medical Practice 1 1 UCC 1 

RCHT Royal Cornwall Hospitals NHS Trust 12 1 A&E + 10 MIU + 1 UCC  

T&SDFT Torbay & South Devon NHS Foundation Trust 4 1 A&E + 3 MIU  

PHT Plymouth Hospitals NHS Trust 4 1 A&E + 3 MIU 3 

 TOTAL 29 (including 6 sites that are not live)  

5 A&E, 20 MIU, 3 UCC and 1 Walk-in Centre 

 

 
 

 

Figure 2 Information exchange standard (refer to section 4.B; top-left screenshot), snapshot of raw data (4.B; top-

right), CMS (4.C; bottom-left) and NHSquicker (4.D; bottom-right) 

C. Content Management System (CMS): 

The platform is designed to work at the STP-level (rather than individual Trusts). Its underlying 

architecture is extensible; new centres can be added and their wait time data displayed, as long as they 

conform to the data standard. This is made possible using the backend CMS (Figure 2; bottom-left) 
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providing the functionality to create new API addresses (web services). The system creates one unique 

address for every centre. Data from these centres are transmitted to their respective API addresses (web 

services).  

 

D. NHSquicker App: The app provides ‘digital nudges’, or indirect suggestions, to inform patients of the 
urgent care services that are located in close proximity. The mechanism for delivering the ‘nudge’ is the 
ordered listing of services, in ascending order, based on waiting time plus travel time. Discussion on the 

specifics of the nudge algorithm is outside the scope of the paper and will be reported in a subsequent 

publication. The app also provides access to the Directory of Services (DOS) for Devon and Cornwall; 

this enables easy identification of alternative local health services like pharmacies, dentists and opticians. 

The app is available for Android and Apple devices. The app can also be accessed as a web-based 

application and supports Chrome, Firefox and Safari browsers - https://nhsquicker.co.uk.  Figure 2 

(bottom-right) presents a screenshot of the app. 

5 RH-RT IMPLEMENTATION ARCHITECTURE FOR NHSQUICKER  

In this section we present the implementation architecture for RH-RT and which is based on data from the 

NHSquicker platform – we collectively refer to this as RH-RT/NHSquicker. As the paper is for a 

simulation conference, we restrict the focus of our discussion to the prescriptive element of RH-RT 

through the use of HSM. The following two sub-sections provide an overview of HSM and map the RH-

RT/NHSquicker HSM implementation to the different components of the overarching RH-RT framework. 

5.1 Hybrid Systems Modelling (The Prescriptive Element of RH-RT/NHSquicker)  

Hybrid Systems Modelling (HSM) can be defined as the combined application of simulation with 

methods and techniques from disciplines such as Applied Computing, Business Analytics, Computer 

Science, Data Science, Systems Engineering and OR. The objective of HSM is to build a better 

representation of the system by combining the wider array of discipline-specific approaches with 

computer simulation techniques (including hybrid simulation). In the context of HSM, these methods and 

techniques do not necessarily have to be combined with simulation in the implementation / model 

development stage of a M&S study; they could be applied to stages such as, conceptual modelling, model 

verification and validation (V&V) and experimentation. Application of HSM to one or more stages of a 

M&S study is referred to as a Hybrid M&S Study (Powell and Mustafee, 2016; Mustafee et al., 2017b; 

Mustafee and Powell, 2018).  

 The prescriptive element of our RH-RT is computer simulation. More specifically, the continuous 

stream of data made available through our platform could be used in the development of a real-time 

A&E simulation. Further, combining the descriptive and predictive BA approaches with simulation will 

enable the development of an A&E Hybrid Systems Model. Table 2 categorises the individual methods 

and techniques based on BA terminology and the particular stages of a simulation study that these could 

be applied to. As our HSM proposes the use of forecasting methods and real-time data/BI (Business 

Analytics) with DES (M&S), and we apply them to multiple stages of a M&S study, we contend that the 

model thus developed (A&E HSM) is an example of a Hybrid M&S Study (Powell and Mustafee, 2016; 

Mustafee and Powell, 2018). 

Table 2 A&E HSM – The predictive element of RH-RT/NHSquicker 

BA Terminology Methods/Techniques Stage(s) of M&S Study  

Descriptive Analytics Business Intelligence, i.e., real-time data from existing systems, its 

integration and summary statistics/KPIs 

Input Data and Experimentation 

Predictive Analytics Forecasting methods based on historic data - refer to Harper, Mustafee 

and Feeney (2017) to see an example. 

Input Data, Experimentation and Output 

Analysis 

Prescriptive Analytics Discrete-event Simulation Model Implementation 
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5.2 Mapping of RH-RT/NHSquicker HSM Implementation to the RH-RT Framework 

Table 3 refers to the RH-RT framework (Figure 1) and maps the use of the individual RH-RT components 

and elements (columns 1 and 2) in the implementation of RH-RT/NHSquicker (column 3). Although the 

focus of the paper is on prescriptive analytics (highlighted in bold in Table 3), descriptive and predictive 

elements have been included since we have argued for an HSM. Further, our approach is in line with the 

Feedback-centric viewpoint of RH-RT (Section 3), which is, “the need for a joined-up approach when 

using the descriptive, predictive and prescriptive elements for data analysis and the potential of using the 

output from one form of analysis as the input to subsequent analysis.” 

Table 3 Mapping RH-RT to the RH-RT/NHSquicker implementation 

RH-RT 

Components 

RH-RT  

Elements 

RH-RT/NHSquicker  

Implementation 

Further  

Information 

Data Format Structured Data Information Exchange Standard Section 4.B 

Input Near Real-Time Data Data feed from 23 centres of urgent care Section 4.A 

Historic Data Probability distributions from simulation study at Torbay Hospital Section 6 

Analysis  

(Hybrid Systems 

Model) 

Descriptive Analytics Business Intelligence Section 5.1 

Predictive Analytics Forecasting Methods Work-in progress 

Prescriptive Analytics DES model of Torbay Hospital See following text 

Feedback  Mainly prescriptive analytics but also relying on Analysis-Output 

feedback 

See following text 

Output  Results of simulation (scenarios) Work-in progress 

Computation & 

Storage 

 Local file system storage; single computer execution  

  
At the time of writing, we have: 

 Implemented a DES (Simul8™) model of the A&E department in Torbay Hospital (Torbay and 

South Devon NHS Foundation Trust).  

 Completed the development of the NHSquicker app (now available to the public through Apple 

and Google app stores). 

 Developed programs to download NHSquicker data at a certain frequency (30 minutes) and to 

extract the specific data items from the downloaded data. These will be used to populate variables 

and simulation elements in the Simul8™ model (queue length for entities/patients that have 

completed triage and are waiting to be allocated to a clinician in Major/Minor, waiting time, 

number of entities in the department). 

 We are currently experimenting with statistical and forecasting methods, such as regression modelling 

and autoregressive integrated moving average (ARIMA) models, to compute the predicted waiting time in 

three time-brackets (current time + 1 hour, +2 and +3 hours). The predicted time will aid real-time 

scenario analysis as it would serve as a benchmark, with pre-developed simulation scenarios being 

executed with the objective of decreasing the predicted time. We are working on the mechanisms to 

automate the A&E model execution process (i.e. as soon as new data is downloaded, it is parsed, the 

model variables are assigned relevant data items, and model execution starts). As our download and 

parser programs are written in Java, we are also considering the use of AnyLogic™ (which supports 

Java™ and is built on the Eclipse platform). Using AnyLogic™ would also offer us the possibility of 

geographical modelling using GIS. What we mean by this is, running scenarios where we have A&E 

models of multiple hospitals and are looking at transfer/reallocation of patients from one hospital to 

another (e.g., due to a major accident or terrorist incidence), and which would need to take into 

consideration the road network (available through AnyLogic’s GIS implementation). As can be seen in 

Table 3, we are presently downloading data to a local computer. With time, and as more storage space is 

needed, this solution may no longer be feasible, and we will need to explore other options like cloud 

storage. However, the computation and storage element of RH-RT is receptive to change in the 

underlying technology.  
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6 CONCLUSION 

Making real-time data available to patients can support sensemaking, that is, making sense of the 

complexities of the decision by constructing a mental model. A mental model is a form of knowledge that 

clarifies the interrelationships between key factors involved in a problem (Wieke 1985). This has been 

shown to improve comprehension of events and support predictions about outcomes (Bagdasarov et al. 

2016). Ultimately the decision to attend a particular emergency care service lies with the patient, and 

factors such as perceptions of their clinical condition, wait-time tolerance, travel distance involved, past 

experiences and perceptions of available care available will all contribute to the final decision. The user 

plays an important role in the creation of the supply chain for urgent care treatment. The deployment of 

business analytics aims to support this system by making real-time analysis available to patients (this 

includes predicted future states and analysis of what-if scenarios), enabling patients to make an informed 

choice on treatment options and potentially changing ED attendance behaviour. 
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ABSTRACT 

Hospital bed management is crucial to ensure that patients do not have to wait for the right bed for their care. 

SIMUL8 has in the past developed an easy to use tool which could aid hospital planners in accurately forecasting 

bed requirements for different specialties in the long term (BED.P.A.C). With some adjustments to this long term 

model, it was felt the tool could also be very useful and accurate in predicting short term bed requirements.. This 

paper aims to describe each of the existing bed planning models (long term and short term) along with the 

introduction of workforce planning into the tools. The paper also discusses the one-week feasibility pilot study 

which examined the accuracy and usability of the short term tool applied to a trauma and orthopaedic bed system. 

 

Keywords: bed management, simulation modelling, emergency, workforce planning 
 

1 INTRODUCTION 

Hospital beds are one of the most expensive forms of health care and their effective management is 

crucial to ensure efficient use and availability so that patients in need of acute care do not have to wait for 

the right bed. Work to date indicates that hospitals struggle to manage bed capacity and many plan their 

beds based on average demand (Harper, 2002), using deterministic spreadsheets rather than on the real 
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life variation in patient types, arrivals and lengths of stay which is better modelled using simulation. This 

means that their plans may be incorrect, leading to increased wait times in an emergency department, or 

for an operation. Hospital beds are generally managed by specialty and patients can be allocated a bed 

outside their speciality area when their own specialty is full. The research evidence shows that patients in 

a non-ideal bed placement, are likely to stay longer in hospital and twice as likely to die  (Alameda, 

2009), (Blay, 2002), (Santamaria, 2014), (Beckett, 2014), (American College of Emergency Physicians, 

2017). The simulation tool discussed here is aimed at improving planning thereby improving patient flow 

through the hospital, reducing costs and in-hospital deaths. 

SIMUL8 has in the past developed several bed planning models for one off decisions on bed numbers 

and quarterly/annual planning. From those they created an easy to use tool which could aid hospital 

planners. The development led to their long-term bed planning model, BED.P.A.C. which has been used 

in several hospitals. In 2016, SIMUL8 adapted the long-term model into a short-term planning tool based 

on daily extracts of hospital data which they tested during a week feasibility study in the trauma and 

orthopaedic department of a busy hospital in Wales. 

The paper, whilst it introduces the long term model aims to highlight the usefulness of a short-term 

bed-planning tool within a busy trauma and orthopaedic department that schedules both emergency and 

elective operations on a daily basis. The bed-planning tool provides an operational solution for ward-

managers planning their inpatient services. The short term tool combines discrete event simulation and 

traditional forecasting to provide the most accurate picture of the current bed stock and the number of 

patient admissions over the next 7 days. 
 

2 BACKGROUND 

Managing demand and capacity with variation is a complex task which can be solved using discrete event 

simulation. SIMUL8 have recently developed a simulation model for long-term planning – Bed.P.A.C., 

which requires a simple data upload and produces immediate results for bed planners without users 

needing to learn to build simulations.  

 Using patient arrivals modelled by hour of the day and day of the week, numbers of midnight stays by 

hour and day of arrival and a daily discharge profile, the long term planning simulation shows the 

required bed numbers by speciality. Constraining the simulation by the number of beds demonstrates the 

expected number of outliers, elective cancellations and wait times. Adding workforce capacity into the 

simulations also shows staffing requirements by shift.  Both the size and skill-mix of nursing teams may 

be calculated using occupied bed and acuity methods (Harper et al., 2009). 

Hospitals have been using the long-term simulation for annual planning and to test the likely impact 

of improvement strategies. Figure 1 shows the results from a typical run of the Bed.P.A.C model and 

illustrates the number of beds needed (demand) and the number allocated on the ward (admissions) and in 

other locations (outliers). 

Discussion with hospitals revealed that there was also a strong interest in short term bed capacity 

predictions. Previous work by Sahu et al. (2014) demonstrates the potential of short-term demand forecast 

and bed needs. With the support of a Scottish Enterprise SMART grant, SIMUL8 was able to work with 

Aneurin Bevan University Health Board (ABUHB) to develop and test a short term predictive simulation 

which is presented here. The short-term study began in June 2016 and the feasibility study took place in 

April 2017.   
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Figure 1 Example BedP.A.C Results 

  

3 DATA & MODEL 

The information and data required to build and run the simulation model comprises of four distinct sets: 
 

 Bed base layout 

 Bed management rules 

 Historical transaction log 

 Scheduled elective plan 

The bed base layout and bed management rules are required in order to build the structure of the 

simulation as well as the logic that determines how patients move within it. The bed base layout contains 

details of the number of beds and how they are split into single-occupancy cubicles and multi-occupancy 

bays, and then ordered into larger wards. The bed management rules convey how patients arrive into the 

bed base, where they should ideally be placed and where they should be sent if the ideal placement is not 

available. 

The data provided by the historical transaction log and scheduled elective plan is then used to build 

the statistical distributions and forecasts applied for the Length of Stay (LOS) calculation and the patient 

arrivals process (for emergency and elective patients).  

Elective arrivals are known in advance and thus this method simply uses the scheduled elective plan 

to dictate how many electives are planned each day for each gender. Emergency arrivals are unknown and 

therefore a forecasting tool was built to predict the number of arrivals in the forthcoming week by using 

three years of historical demand (prior to the date the model was run) for each gender. 

When using the transaction log to create the ‘as is’ state, any patients who are indicated as not being 

in their ideal ward will be flagged as an outlier, shown in figure 2 with a rectangle around the bed. Once 

forecasted arrivals are added to the simulation, if an ideal bed is not available, patients will be treated in a 
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segregated outlier area. The simulation currently focuses on a single specialty, so no specific detail is 

included as to where this bed is in the hospital. There is no mechanism to automatically push these 

patients back into the most appropriate bed as soon as one becomes available because it is assumed this 

would not be the reality in the hospital, if data for the next day shows the patient in an appropriate bed 

however, the patient will move back. 

  

 

 
 

Figure 2 Screenshot of Short term model 

 

The novelty of the short-term bed planning tool has been to link traditional forecasting techniques 

with simulation to optimise the performance metrics of the model. Three forecasting methods have been 

used for each set of data: Simple Exponential Smoothing, Double Exponential Smoothing and Holt-

Winter’s Method. This equates to 2 genders x 7 days x 3 methods = 42 forecasts to be calculated. Using 

Excel’s Solver Add-In feature each of these forecasts is then optimized by altering the Alpha, Beta and 

Gamma parameters with the aim of minimizing the Mean Squared Error (MSE). Once the solver has 

completed its optimization, the best forecasting method is then selected for each data set and subsequently 

the next week’s emergency demand forecast is then used as the input for emergency arrivals in the 
simulation model. 
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Figure 2 shows a screenshot of the simulation model at midnight on 25th April 2017. Each of the 

trauma and orthopaedic wards at the Royal Gwent Hospital are shown. Male beds are labelled with an 

“M” and female with an “F”. Wards are split into single occupancy cubicles and multi-occupancy bays. 

As the model runs the screen dynamically changes showing the beds emptying or filling over time. 

Results are fed through to Excel spreadsheets that can be analysed after the model has run. 

 

4 FEASIBILITY STUDY 

The premise of the Aneurin Bevan Feasibility Study Trial was to conduct a sustained, daily, live trial of 

the single-specialty Near Real-Time Trauma and Orthopaedic (T&O) simulation over the course of five 

consecutive days on site at ABUHB (24
th
 – 28

th
 April 2017). The tool relies on a daily extract of data to 

drive a simulation that will in turn assist in managing beds within the T&O specialty. The core objective 

was to answer three Technical Challenges: 
 

 Does the generic approach work? 

 Are short term forecasts useful? 

 Is data available in the right format? 

5 RESULTS 

For the live trial two distinct methods to the results output were used, the first being a specialty or ward 

overview approach that provided key performance indicators and the second being a bed base occupancy 

approach that showed how much free capacity was available. 

 The results displayed for the whole specialty view for each day of the simulation include: 
 

 Number of admissions for each admission method type (emergency and elective) in total and by 

gender 

 Number of discharges for each admission method type in total and by gender 

 Number of outliers for emergency admissions in total and by gender 

 Number of cancelled elective admissions in total and by gender 

 Average daily bed occupancy for each admission method type 

 A ‘traffic light’ colour code representation of average daily bed occupancy for each admission 

method type 

 

 The second method is available only for a whole specialty level and the results displayed for each day 

of the simulation include: 
 

 Number of free beds available at the start of the day for each admission method type by type of 

bed and gender 

 Number of admissions for each admission method type by gender 

 Number of discharges for each admission method type by gender 

 Number of free beds available at the end of the day for each admission method type by type of 

bed and gender 

 A ‘traffic light’ colour code representation of number of free beds available at the end of the day 
for each admission method type 

 
Figure 3 shows that the actual emergency admissions are very closely replicated by the simulated 

emergency admissions using the forecast values. The largest disparity occurs on the first day of the trial. 

Over the course of the whole week the cumulative simulation emergency admissions were 3 emergency 
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admissions higher than the cumulative actual observed emergency admissions. From this we conclude 

that the generic approach would give enough accuracy to be useful for a hospital to make better short term 

decisions, we would like to test this with additional specialties given more time however. 

 

 
 

Figure 3 Simulated and actual emergency admissions, by gender, over the trial period 

 
One of the main goals of the trial study was to identify where a simulation tool that provided a short-term 

forecast of upcoming changes to the bed base would be of most benefit. In scheduled care within the 

T&O specialty there is the potential to use simulation:  
 

 To provide evidence of the requirement to cancel a specific elective  

 To help plan optimal operation-type mix  

 As a continuous improvement tool, aimed at using past events to improve future decision making 
 

6 CONCLUSIONS 

Our overall conclusion is that, with up-to-date data, it is possible to correctly predict the short-term 

processes of a T&O bed system by accurately forecasting arrivals, using known data and statistical 

distributions to predict patient length of stay, and applying generic bed management rules to dictate their 

placement. 

From staff feedback during the trial, this tool would be most useful in weekly planning and reviewing 

for continuous improvement rather than for daily use, aimed at using past events to improve future 

decision making. 
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ABSTRACT

Demand for critical care services is increasing and there is pressure on hospitals to improve the efficiency of

delivering the service. Of particular interest in this work is the impact of ‘late admissions’, which account for 13.8%

of all first-time admissions, to the Intensive Care Unit (ICU). Patients admitted to the ICU more than a day after

entering the hospital are shown to have higher mortality rates and to stay longer in the ICU. We describe a Discrete

Event Simulation model to investigate the impact of the ‘late admission’ group and strategies for improving effi-

ciency by bringing patients into the ICU earlier. The DES model is described and validated using data from a UK ICU.

Keywords: simulation, intensive care, healthcare

1 INTRODUCTION

Critical care services provide observation and care for critically ill patients with potentially recoverable

conditions, which cannot be provided safely in a general ward. Instead, they are typically provided in an

Intensive Care Unit (ICU). According to the Department of Health, an ICU bed costs around £1,100 to

£1,900 per day (NHS 2013). In contrast, the cost of a general ward bed is around £300 depending on

treatments received, and ICU services account for 15-40% of hospital budgets among developed countries

(Tan et al. 2012). The bed utilisation of ICUs in England was constantly over 80% and sometimes close

to 100% over the period 2010 to 2016. Unless ICUs are well-resourced and managed this can result in the

cancellation of urgent operations.

This research investigates the effective provision of critical care services, working in collaboration

with Bristol Royal Infirmary (BRI), a tertiary level hospital serving the West of England. A recent review

suggests that bed and nurse availability is a major issue for this particular ICU (CQC 2014).

We present data analysis below that shows a statistically significant difference in survival rates and

length-of-stay (LoS) between patients who are admitted to the ICU immediately (within one day of hospital

admission) and patients admitted late. The concept of late admission is similar to delayed admission;

however, typically late admission is defined as late identification of patients’ needs rather than the delay

caused purely by operational effects (Restrepo et al. 2010, Renaud et al. 2012). We consider the effects

of both delayed and late admission in this research. Late admission in our context refers to two groups of

admissions: first, surgical critical care admission following postoperative care on a standard ward; second,

medical critical care admission with an admission time difference between hospital and ICU admission of

longer than one day.

We begin by giving some background to the role of ICU’s in the UK in Section 2 before reviewing

existing literature in Section 3. Section 4 describes a preliminary analysis of the data. This helps to
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describe the problem and is also used to determine some of the input models for the ICU simulation.

After introducing the simulation model in Section 5, we describe the results of a verification and validation

process in Section 6 before concluding and discussing the next steps in the project in Section 7.

2 BACKGROUND

Bristol Royal Infirmary (BRI) is one of eight hospitals in Bristol University NHS Foundation Trust. The trust

is a centre for medical training in the South West of England. The hospital is monitored by the Care Quality

Commission (CQC), which focuses on five aspects when assessing a hospital: safety, effectiveness, caring,

responsiveness and leadership. Four ratings are given to healthcare providers by the CQC: outstanding,

good, requires improvement and inadequate (CQC 2017). The BRI ICU has an overall “good” performance,

which means the service is performing well and meeting their expectations, while the Bristol University

NHS Foundation Trust as a whole received a “requires improvement” rating. Problems relating to access

to critical care beds, resulting in cancelled operations and delays in transfer to critical care were expected

to continue due to the lack of available suitable beds (CQC 2014).

There are three different critical care / high dependency units in BRI: the adult intensive therapy unit

(ITU), the cardiac intensive care / high dependency unit (CICU) and the coronary care unit (CCU). Both

the ITU and the CICU are mixed ICUs with admission of both level 2 and level 3 patients. The CCU is

a high dependency unit, treating only level 2 patients. Level 2 patients usually require intervention for a

single organ system or detailed observation for post operative care and stepping down patients from higher

levels. Level 3 patients require advanced respiratory support alone or observation and intervention for two

or more organ systems (Intensive Care Society (ICS) 2009). We focus here on the adult ITU, which runs

two shifts per day: long day shift from 07:00 to 20:00, night shift from 19:30 to 07:30. 21 beds and 16 ICU

nurses are guaranteed in every shift. The four main sources of ITU patient admissions are the accident and

emergency department, theatre/recovery area, general wards and the imaging department. Around three

admissions are taken every day.

An important feature of the admission process is the initial assessment of a patient’s condition. The

Intensive Care National Audit and Research Centre (ICNARC) has a number of models that are used to

describe the severity of the condition of patients entering ICU. We make use of the ICNARC mortality risk

prediction model here. This incorporates age, past medical history, source of admission, cardiopulmonary

resuscitation (CPR) before admission, diagnosis category and physiological variables (Ferrando-Vivas et al.

2016). The ICNARC model has been shown to perform well in tests using both internal (English data)

and external (Scottish data) (Harrison et al. 2014).

3 LITERATURE REVIEW

There is a huge literature on modelling of ICUs and we do not provide a comprehensive review here. Instead,

we pick out some key publications describing dynamic models of ICU operations and work cataloging the

effect of delayed admission.

3.1 Dynamic Models of ICU Operations

McManus et al. (2004) collect two years admission, discharge, and turn-away data in a busy, 18-bed ICU

in the US. They claim that a simple queueing model (M/M/c/c) is powerful enough to model ICU operation

and flow. The model provides accurate results including turn-away rate and monthly responsiveness to

changing demand, which both indicate the need for resources. Although the prediction works well at a

high level, the simple queueing model is unable to exactly depict what happens in an ICU.

Dobson et al. (2010) build a stochastic model of ICU bumping, when patients are discharged too soon.

The model helps to predict performance when bumping occurs, with various arrival patterns and capacity.

An algorithm is also developed to track the time in the system for each patient. Use of the algorithm
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avoids making the assumption of an exponential distribution for LoS. The model also shows the influence

of surgery schedules on bumping rates.

Chan et al. (2012) develop a decision support tool to aid clinicians in discharging patients when an

ICU is highly occupied (≥ 75% occupancy) and new patients are waiting. The optimization is based on

reducing readmissions and total LoS while not sacrificing mortality rates, given that all new patients must

be given a bed immediately unless they are diverted. The discharge policy can be described as choosing

a patient from the group that incurs the least cost, where five risk groups are set based on predictions of

mortality risk using quantised severity scores. The model recommends that patients for early discharge are

selected from the first three groups by balancing predicted mortality and readmission cost.

Kim et al. (2014) suggest an econometric model of ICU admission. The gain and cost of every

ICU admission is quantified. They build three simulation models of admissions: an optimal full model

considering both experts’ opinions and recorded data; an optimal observable model regarding only recorded

data; and a model adding an extra ICU bed without changing the admission policy. The extra bed and the

optimal observable models could be considered as scenarios with the DES model we are building.

Kolker (2009) build a simulation model to find out the recommended maximum number of elective

surgeries in order to reduce the diversion of admissions from ICUs, including CICU, medical ICU, surgical

ICU and neurological ICU, in a hospital with fixed numbers of beds. Total capacity (beds) of the ICUs is

51. The results suggest that the number of scheduled elective surgeries should differ by days of the week

and weeks of the year.

3.2 Delayed Admission to ICU

The impact of delayed admission to ICU is studied by Chan et al. (2016). The delay here refers to the

boarding delay of Emergency Department (ED) patients to the ICU because of a resource shortage or

treatment needed. This paper focuses on understanding the influences of delayed boarding and assumes

there is no possiblity of early discharge from the ICU. The results show that increased boarding times

contribute to longer ICU LoS, with a one-hour delay leading to a 5.69% increase in the stay, higher overall

congestion level of ICU and lower access to care for other critical patients. An M/M(f )/s queueing model is

used, where service times are exponentially distributed with mean increasing with congestion following a

growth function f . It is shown that the system load with expected work grows much faster than the normal

1/(1−ρ) relationship in most queueing systems, which means long delays may have adverse effects on

patient outcomes and can potentially lead to longer LoS.

In other studies, poor hospital discharge outcomes, higher mortality and longer hospital LoS are proved

to be associated with delayed transfer of critically ill patients from the emergency department to the ICU

(Chalfin et al. 2007, Rincon et al. 2010). Goldhill et al. (2004) also show that hospital mortality is higher

for patients admitted from wards to ICU rather than directly admitted patients and the longer these patients

were in hospital before ICU admission, the higher their mortality.

Smith et al. (2014) review early warning system scores for clinical deterioration in hospitalized patients

that have been implemented for earlier admission of ward patients to ICUs. Hu et al. (2016) propose an

Early Detection of Impending Physiologic Deterioration (EDIP2) score to indicate the appropriateness of

proactive admission of ward patients to ICUs. It shows that a proactive admission policy could improve

patient outcomes. However, it could also lead to ICU congestion which may in fact lower the effectiveness

of critical care. The authors suggest use of stochastic modelling and a dynamic optimisation framework

to compare alternative policies.

The previous research related to delayed admission concentrates on either delayed ICU boarding of

patients from emergency departments or on delays of ICU admissions for clinically deteriorated patients

from general wards. No work has been found that models the delays from all hospital departments.
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4 PRELIMINARY DATA ANALYSIS

There were 6284 admissions to the ICU from January 2008 to December 2013; 6178 pieces of admissions

lay within the desired period, 6139 with both hospital and unit outcomes, 6031 with normal discharge.

Unmatched readmissions were excluded from the dataset, after which 6024 pieces of data were remaining.

We then removed data with obvious typos. 6022 out of the original 6284 pieces of data were kept for

further analysis, in which there are 5808 distinct patients.

4.1 Impact of Late Admission

We define late admission as ICU admission after a predetermined lag between hospital admission and ICU

admission. All the patients are included in the analysis but only their first time admissions were counted.

Patients being readmitted to the ICU are excluded because readmitted patients naturally have relatively long

lags between hospital admission and ICU admission. Around 40% of the ICU patients were not admitted

to the ICU directly and approximately 12% of all the admitted patients were delayed for more than five

days.

Figure 1 shows the mortality rates for different patient groups defined by lags. Bars show the 95%

confidence interval of the mortality rate. For each day of delayed admission, say n days, the “≤” group

contains patients admitted to the ICU within n days of hospital admission. The “>” group contains those

admitted to the ICU more than n days after hospital admission.

Figure 1 Mortality rates of patient groups of different lags

It can be observed from Figure 1 that the mortality rate undergoes a sharp increase for patients with

admission lags greater than one day. It is maintained at a level of more than 30% for patients with admission

lags of more than four days, with a more gradual increase with the increased number of lag days.

A similar lag analysis was carried out for LoS. We do not report the full results here due to space

constraints but patients whose admission to the ICU is delayed tend to have a longer average LoS, and this

increases with the number of lag days.

4.2 Readmission

Readmission is defined as “the same person being admitted to your unit on two or more separate occasions,

regardless of whether these admissions occurred during the same hospital stay” according to ICNARC Case

Mix Programme team (ICNARC 2013) and we consider readmission to the ICU rather than the hospital

as a whole. Within the 214 readmissions of our data, 191 are admitted during the same hospitalisation.

Compared to the national average of 4.70% readmission rate during the same hospital stay, the overall

readmission rate in a same hospital stay is 3.09% for the whole period in the BRI ICU. The key performance

factor of readmission, unplanned readmission within 48 hours of ICU discharge, is 0.60% in the BRI ICU,
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which is lower than the national average of 1.40% under the same circumstance (ICNARC 2015). Readmitted

patients also have a longer LoS compared to first admitted patients, 8.14 days for readmissions versus 4.67

days for first admissions.

4.3 Risk groups of ICU patients

Planned and unplanned admissions have distinct behaviour during their ICU stay (i.e. different mortality

and LoS) and are modelled separately in some studies (Ridge et al. 1998, Kim et al. 1999, Costa et al.

2003, Griffiths et al. 2005, Hagen et al. 2013). Curves of probability of discharge alive for planned and

unplanned admissions in Figure 2 display a significant difference. This supports the idea of categorising

patients in the model as planned/unplanned.
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Figure 2 Probability of discharge alive by admission types (shaded areas show 95% confidence intervals)

The late admission group is the one we are specifically interested in. The empirical cumulative

distribution functions (EDFs) of LoS of non-late and late admissions diverge from their counterparts

suggesting that these groups can be treated separately. A Kolmogorov-Smirnov (KS) test of late versus

non-late LoS indicates a statistically significant difference between these two groups with p-value=0.0000.

4.4 Mortality Prediction

We use the ICNARC probability described in Section 2 as one of our predictive variables for mortality and

LoS. Other variables, including age, gender, diagnosis and operational factors, were considered but were

not found to be highly significant. We build three logistic regression models, using ICNARC probability as

the only covariate, for planned, unplanned and late admissions respectively. The probability that a patient

is discharged alive is given by

E[Yi = 1|Xi] = pi =
1

1+ eβ1xi−β0
,

where xi is the ICNARC probability of patient i and β0,β1 are parameters to be estimated from the data.

Table 1 lists the values of β0,β1 for the three regression models.

Table 1 Parameters for the Mortality Prediction Logistic Regression Models

Model β0 β1

Planned 4.5425 0.0785

Unplanned 3.4210 0.0539

Late 3.2723 0.0495
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Post ICU mortality of all patients is also modelled using a logistic regression model, which includes

both the ICNARC probability and the effect of readmission as factors:

E[Yi = 1|Xi] =
1

1+ e(0.0394∗ ICNARC−0.1540∗Readmission−3.7699)
.

All of these logistic regression models are incorporated into the simulation model.

4.5 LoS Modelling

Figure 3 shows that ICU LoS exhibits a cyclical pattern. This is due to planned admissions and discharges

occurring at about the same time each day. As a result, we propose to model LoS in three parts: admission

time, nights spent in ICU and discharge time.
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Figure 3 Frequency plot of LoS in hours

We use “subLoS” to denote the separate components of the LoS. The LoS can be expressed as

LoS = subLoS1+ subLoS2+ subLoS3 ,

where

subLoS1 = 24−AdH, subLoS2 = (nights−1)∗24, subLoS3 = DisH .

“AdH” means admission hour in a day. “Nights” denotes nights spent in the ICU. “DisH” means

discharge hour in a day.

The original LoS modelling problem is consequently divided into three sub-problems: modelling the

arrival time, nights in ICU and the discharge time. No suitable distribution has been found to fit any of the

three subLoS. Consequently, we sample from the EDFs for the three subLoS distributions and sum to give

the total LoS. When setting up the EDFs for the three subLOS calculations, we group patients differently.

• subLOS1 (arrival time) splits into two groups: planned (n=2430) and unplanned (n=3592).

• subLOS2 (number of nights) splits into three groups: planned (n=2299), unplanned (n=2705) and

late/re-admissions (n=1018).

• subLOS3 (discharge time) splits into two groups: discharged alive (n=5164) and discharged dead

(n=858).
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5 SIMULATION

A DES model was built to study the behaviour of the ICU. The model focuses on the effect of late admissions

and the potential impacts of bringing patients into the ICU more promptly.

5.1 Model details

We use the STRESS guidelines (Monks et al. 2017) to support the model description and ensure that we

include sufficient detail to enable reproducibility of the DES model. A sketch of the conceptual model is

illustrated in Figure 4.

Figure 4 Conceptual Model

The system runs twenty four hours a day, seven days a week, with the same quantities of resources.

The simulation time unit in the model is “hour”. ICNARC data from BRI between February 2008 and

November 2013 are used to estimate distributions and parameters in the ICU model.

Two independent entry points are used to give different arrival rates to planned and unplanned patients.

A non-homogeneous Poisson process with piecewise rates shown in Table 2 is used to model the weekly

cycle of unplanned admissions. We divide a week into 14 intervals that represent 14 shifts in a week.

An arrival rate is estimated for each shift, where day shifts start from 0800 and end at 1959 and night

shifts account for the period from 2000 to 0759 on the following day. For planned admissions, we use the

empirical distribution of daily admission numbers on a weekday basis to estimate the number of admissions

per shift. Arrivals are then assigned to different arrival hours according to the EDFs of arrival timing for

planned arrivals on different weekdays.

Table 2 Arrival Rate of Each Time Interval for Unplanned Admissions

Monday Tuesday Wednesday Thursday Friday Saturday Sunday

Day Shift 13.9770 15.0744 15.5234 15.3924 14.1313 17.5962 15.6567

Night Shift 14.9508 15.3277 15.7922 13.8707 14.8780 15.1240 13.4118

Three queues – unplanned, planned and late – are created to collect all of the arrivals waiting for ICU

services. Patients are routed to queues on a percentage basis: 79.30% of unplanned arrivals are routed to

‘queue for unplanned’. The remaining unplanned arrivals travel to ‘queue for late/readmission’. Similarly,

95.91% of planned arrivals go to ‘queue for planned’. The others are sent to ‘queue for late’. Moreover,

patients waiting longer than one day (24 hours) in ‘queue for unplanned’ or ‘queue for planned’ will renege
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from the current queue and join the ‘queue for late’. All the admissions in the three queues will be treated

in the ICU on a first come first served (FCFS) basis.

ICNARC probability and patient’s level are sampled from EDFs and assigned to each arrival. ICU

service times are sampled from EDFs using the modelling method described in Section 4.5.

After service in the ICU, patients will be routed to either general wards or will exit the model (ICU

death). The routing is based on mortality, which is generated using logistic regression, as described in

Section 4.4, and is carried out when patients route out from the ICU. 3.09% of patients going to ‘general

wards’ will be readmitted to ICU. The readmission is captured by the model using a dummy ‘readmission’

work centre with fixed ‘0’ service time. All the readmitted patients join the ‘queue for late’ since no

significant difference can be detected between the readmission LoS EDF and the late admission LoS EDF.

Survival of the other 96.91% of patients are predicted using the post-ICU mortality prediction model and

routed to either ‘hospital discharge’ or ‘hospital death’.

Each ICU bed can accommodate one patient only. Each ICU nurse can take care of at most two

patients depending on the patients’ levels (A patient’s level indicates the severity of their condition and the

Nurse-to-patient ratios are 1:1 and 1:2 for level 3 and level 2 patients respectively).

6 VERIFICATION AND VALIDATION

The conceptual model was verified by an ICU specialist. A computerised model was built and implemented

in Simul8 2016 under Windows 10.

Each run of the model lasts 8760 hours (365 days). We use the trial calculator in Simul8 to find the

appropriate number of iterations (36) to run to ensure that the variations of completed jobs are within 5%.

Three trials with three different random number sets are run for comparison purposes.

The average total arrivals in the model is 985 (958,1015) per run (numbers in brackets indicate 95%

confidence intervals). The average total arrivals to the real ICU is 994 excluding readmissions. Annual

throughput in the model equals 1020 (999,1042), similar to the throughput of the actual ICU (1031).

The number of patients routed to ‘queue for late/readmissions’ from non-late queues is very small, as

anticipated (around 5 per run), as in the base case all of the late admissions should have been captured in

the first routing out.

We use a likelihood ratio test to compare the model and actual ICU and hospital mortality rates. Model

mortality rates are 14.73% and 19.48% while the actual ICU and hospital mortality rates are 14.24% and

20.23%. Neither difference is statistically significant with p-value > 0.1.

The model predicts a mean LoS of 113.93 hours, compared with the system’s mean LoS of 114.98

hours. A t-test suggests that the difference is not significant, with p-value > 0.1.

Our final check is to compare the bed occupancy rate of the model with the occupancy rate observed

in the ICU data. Model occupancy is 60%, a little lower than the observed occupancy of 63%. Differences

in the average occupancy rates are not statistically significant, based on a t-test.

7 CONCLUSIONS AND FUTURE WORK

Initial analysis of data from BRI suggests that patients in the late admission group have higher mortality

rates and longer LoS compared to patients admitted immediately. The simulation model we describe here

takes this effect into account.

It is hard to model LoS accurately because of the multitude of factors contributing to a patient’s total

stay in the ICU: admission time, severity of the condition and discharge time. For this reason, we estimate

the LoS by considering the admission time, nights in the ICU and discharge time separately in this research.

The total LoS simulated from the three parts fits the original data well.

For the purpose of model validation, several statistics from the DES model are checked and compared

with the original data. Model validation results in Section 6 show that the key statistics gained from the

current model are close to those calculated from the original data.
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As verification and validation of the model is complete, the next step is to run a series of experiments

to examine the influence on the ICU, particularly bed occupancy rates and nurse utilisation, under the

following scenarios: one more nurse and/or one more bed; earlier admission of patients by reducing the

percentage of patients sent to ‘queue for late/readmissions’ after arrival.
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ABSTRACT 

A deterministic Material Flow Analysis (MFA) simulation tool has been developed within Microsoft Excel allowing 

the user to simply and quickly enter relevant material and logistics data. This data is then processed mathematically 

stepping through time in user-specified intervals assessing stock levels and statuses of vehicles. The monitoring of 

the material flow in this manner provides data resolution that has not been achievable within Ford prior to the use of 

simulation. A further extension has been developed enabling effective communication of safety-critical simulation 

output to be presented diagrammatically as a “Material Flow Heat Map”. Preliminary implementation has shown the 
tool is effective at both confirming expected and highlighting new, high-traffic hotspots in the plant. Through the 

development and implementation of these methods, the movement of vehicles is better understood allowing targeted 

engineering actions to improve productivity and enhance pedestrian safety for both existing and proposed future 

facilities. 

 

Keywords: Discrete Event Simulation, Material Flow Analysis, Manufacturing, Heat Map 
 

1 INTRODUCTION 

 

Globally within the Ford Motor Company 25% of all safety events reported are pedestrian-vehicle related. 

These interactions have the potential to cause serious injury or fatality. It is an aim of manufacturing 

facilities to eliminate risk, however the interactions are complex and there is no industry standard method 

for assessing vehicle movements. As a result, in 2012 Ford Powertrain Manufacturing Engineering 

(PTME) developed a bespoke tool to undertake Material Flow Analysis (MFA) (Osman, 2012) with the 

following objective: without increasing operating costs, create a simple to use tool that can be used by 

existing manufacturing engineers to provide a data driven approach to MFA system design for every new 

manufacturing line (assembly and machining) within the group. 

The PTME group within Ford is responsible for planning and installing production facilities across 

the world for the manufacture of engines, transmissions & castings for the Ford vehicle line up. The 

group is split into four based on the geographical region: North America, South America, Asia Pacific and 

Europe. 

Modelling of manufacturing facilities has been an approach used within Ford PTME since the 1970’s 

(Ladbrook and Januszczak, 2001). From these early roots, the use of simulation has evolved into a tool 

that is utilised daily by a team of dedicated analysts. Simulation is no longer perceived as a tick box 

exercise but is leveraged by management to support data driven decision making. The facilities modelled 

include machining and assembly lines and the goal is to establish that the planned facilities are capable of 

achieving the required production volumes at minimised costs. One approach that has been common 
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throughout the evolution of Ford simulation is creating tools that are easy to use and can be used by the 

wider engineering teams. Further details of the bespoke Ford Simulation tool set (FAST) is available in 

the referenced literature (Higgins, 2013). 

Material Flow Analysis (MFA) is defined as the systematic assessment of flows and stocks of 

materials within a system defined in space and time. (Brunner et al, 2004). Within the context of a Ford 

manufacturing facility, the material flow is the delivery of parts from designated storage locations within 

the plant, marketplaces, to specific locations on the assembly or machining lines. The materials in this 

context are the component parts of an engine or the manufacturing tools required for machining 

operations. The model of the system consists of the transportation of materials from the marketplace to 

the limited line side storage buffer at the workstation, using powered material handling vehicles (PMHV). 

These PMHV move according to two different strategies to replenish the line side stock: Call and Card.  

Call parts are generally large components and therefore have a low pack density (e.g. oil pans) or are 

parts with a very high usage rate therefore requiring delivery in large volumes. When the line side stock 

drops below a set limit, a trigger point (determined mathematically using the consumption of parts and 

pack quantity), the operator at the workstation will press a button calling for a replenishment which is 

then logged in the material handling order queue. The replenishment is made by a material handling 

operator collecting the required parts from the marketplace and delivering the parts to the line side 

location. A call vehicle is capable of carrying only one call component at a time. If there is more than one 

order, components will be collected on a first-come-first-serve sequence.  

Card parts are smaller components and have a very high pack density, such as bolts with thousands of 

parts per bag and can therefore be delivered less frequently. When the line side stock of a card part drops 

below the trigger point an order is placed onto the material handling system. In contrast to call routes, 

several card parts are delivered on any one route. A material handling operator collects a list of all of the 

card items assigned to a particular route from the market place at a predetermined interval, commonly 

sixty minutes. The vehicle then visits all of the workstations on that route delivering parts.  

Material Handling engineers are responsible for implementing and maintaining a safe and lean 

environment within a manufacturing plant. The business consequence is over or under purchase of 

vehicles leading to production impact at launch as well as high costs associated with procuring/releasing 

vehicles. Figure 1 summarises the metrics that material flow engineers are tasked to establish. 

MFA 

No. of 
vehicles 

Stock 
Trigger 
Level 

Line side 
stock 

capacity  

Process 
flow 

Minimum 
traffic flow 

Max 
stations 

per route 

Card part 
delivery 

frequency 

Figure 1 Metrics engineered by Material Flow Department 
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 Traditionally, MFA metrics were assessed without simulation models. Common approaches included 

utilising simple formulae embedded in a spreadsheet or by benchmarking of existing similar 

(manufacturing capacity and shift patterns) facilities already in production. Such approaches introduce 

risks associated with a lack of transparency on the employed calculations and no standardisation between 

engineers. These risks are exacerbated during the manufacturing facility planning stage where it is 

necessary to update, and therefore verify, the data inputs iteratively to keep up with fluid process plans 

and changing data. Furthermore, when applying simple mathematical calculations it is not easy to 

determine the utilisation of vehicles, since there are multiple parts with different pack densities and usage 

rates. Vehicles can therefore be required simultaneously and simplifications are often made to the input 

data or vehicle movements are averaged over an extended period. This reduced data resolution can miss 

key events such as stock out occurrences. The resulting lack of trust meant data driven approaches were 

often ignored with engineers choosing to follow ‘gut feeling and experience’ to make estimates for the 
vehicles and flows required.  

Understanding and communication of the resulting system safety were also limited with primitive 

methods employed. This provided no performance indicator metric and was therefore difficult to include 

in safety risk analysis and communicate to wider teams. 

The result was to develop a bespoke tool to undertake Material Flow Analysis independently to the 

existing, complex, discrete event simulation models of facilities. This decision was undertaken with the 

goal of creating models quickly and easily. The overall objective was getting Material Handling 

Engineers to be responsible for their own models (Osman, 2012) 

 

2 FORD MFA TOOL 

2.1 Motivation for MFA Tool Development 

The aim of Material Flow Analysis simulation is to represent and analyse the real manufacturing system 

as simply as possible, but in enough detail to make the right decisions. It allows a data driven approach to 

recognise differences between various strategies and scenarios, evaluate the effect of change in plant 

layout and process on the material flow. Overall, MFA helps to evaluate a given proposal and aids the 

evaluation of alternative operating strategies to support decision making and to achieve a leaner 

implementation. The development of the Material Flow Analysis Tool aimed to leverage the above and 

address the gap in Ford simulation scope. That is to use simulation as a standardised, data driven, method 

for assessing PTME material handling systems. Prior attempts to increase the standard model scope to 

include MFA within the FAST toolset or a standalone model failed. This was primarily due to the need to 

rebuild existing models to include complex vehicle movement routing logic and access to associated 

datasets. This approach failed due to the expertise and time required to understand the material movement 

data, logic and complexities interacting with the existing Ford DES tools. In summary, as would be 

expected of DES models in this class, (Law & Kelton, 2007; Regellin et al, 2017), the resulting 

simulations were overly complex and time consuming to build and run. It was therefore decided to 

develop a standalone tool outside of the DES toolset in a software that was familiar to non-specialist 

Manufacturing Engineers and therefore easy to adopt and use. For the reasons discussed, as with many of 

the other Ford developed simulation tools (Ladbrook and Januszczak, 2001; Martínez M A., 2012, 

Winnell A and Ladbrook J, 2004), Microsoft Excel was chosen as the appropriate platform. 

A review of available commercial MFA software concluded that no existing available software 

package could meet the needs of Ford Motor Company whilst remaining simple to use. Table 1 

summarises the factors motivating the custom development of the Ford MFA tool.  
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Table 1 Summary of motivating factors for custom development 

Simple No requirement for specialist training or employment of experienced MFA 

personnel.  

Aimed at Manufacturing Engineers (not mathematicians) 

Quick to Use Minimise data inputs required and remove requirement for data to be reformatted. 

Able to build and run a simulation within one day. 

Flexible Department owned development can evolve over time. No requirement to work 

in conjunction with specific CAD software 

Specific Directly meet Ford existing Material Handling requirements  

Full alignment between simulation output reports and plant reports/metrics 

Low Cost No requirement to purchase commercial licenses and user training 

Full Solution Able to use one tool to meet user requirements which would ordinarily require 

several overlapping tools (Cencic and Rechberger, 2008) 

 

2.2 Model Logic  

The Ford Material Flow Analysis (MFA) Tool is an easy-to-use Excel VBA tool which offers quick time 

based simulation using simple mathematical algorithms to represent the vehicle movement and stock 

usage for both planned and existing PTME plants. The Ford MFA tool uses a Mesoscopic approach for 

rapid model creation and computation. Such modelling and simulation falls between object based discrete 

event modelling and flow based continuous modelling (Reggelin et al, 2017). The tool allows for macro 

level modelling of the material flow process whilst remaining complex enough to accurately reflect 

important factors affecting the manufacturing plant logistics. The tool tracks and records the information 

of the materials, orders placed and vehicle location & status at defined time intervals using Visual Basic 

for Applications within Excel throughout the simulation run length. 
 

Station Logic 
 

 

 

Figure 2 Representation of line side part stock usage 

 

Figure 2 explains the MFA tool function diagrammatically. For each work station, the tool initially 

assumes the line side stock is at its maximum capacity and therefore the production line stock signal is 

green (i). At this time there are no orders placed in the queue for replenishment. As time progresses, the 

stock decreases according to the part consumption rate input for the particular part. The production line 

stock status is displayed at the upper right of the diagram indicating the different stages of stock capacity. 

The model steps through time at user specified time intervals allowing control of the resulting output 

resolution. At each time step, the stock level is calculated and recorded in the output reports/time series. 
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As the stock is used and replenished the status circle and flags are updated. The status is indicated as 

green (safe), yellow (low stock with replenishment triggered) and red (critical to stock-out). The flag 

indicates the order status for stock replenishment within the queue, green when ordered, yellow in 

progress and red is failed to deliver in time. The station stock level is reduced until it reaches a user 

defined, station specific, trigger point. At this point the line stock signal changes to yellow indicating 

stock replenishment is required (iii). The stock replenishment flag changes to green indicating that an 

order has been placed and queued for delivery using the strategy defined for the station: card or call. 

When the material has been loaded to a vehicle the flag changes to yellow (iv) and the status of the 

vehicle is assigned to busy. The aim is to engineer a station trigger point such that the consumption rate 

balances against the time required to deliver such that stock replenishment occurs before a station reaches 

a point of ‘low stock’ as input by the user. If the low stock level is reached prior to delivery (v) the station 

status changes to red and the event is recorded in the output reports with the associated time stamp. 

Finally, in the worst case scenario, a stock out can occur whereby the line side stock at a station has 

completely depleted. This is indicated by the red flag (vi) and triggers recording of the length of the stock 

out ceasing when the allocated vehicle replenishes the stock. It is a minimum criterion that Ford facilities 

assessed (MFA or using traditional methods) achieve zero stock-outs. 

 

Route Logic 

 

Once a part has been triggered for replenishment an attempt is made to assign an appropriate vehicle. 

Vehicles are split into card and call pools and can be further assigned such that certain vehicles are 

matched to only certain routes. If a vehicle is not immediately available the job is queued. On assignment, 

the PMHV travels from the market place to the workstation line side buffer. To allow calculation of the 

associated travel time the user inputs a series of station coordinates against a common datum and then 

links these stations into routes. The travel time is calculated, using the particular vehicles speed (an 

additional input) and the total linear distance travelled in navigating the route plus any time to load/unload 

the vehicle. As a result the average transport speed including acceleration and deceleration is used to 

cover this. 

Materials that are assigned for delivery via a call route are served on a first come first serve basis. 

That is, when a station’s  material has reached the replenishment trigger an order is queued in a list of all 

open orders. A vehicle is then assigned to collect the material. By design, call parts delivery will be one 

package of items delivered directly to one station. It is common for a number of vehicles to be assigned to 

a number of different call routes. 

 

 

Figure 3 Call Route Logic 

 

 Figure 3, depicts the case where one vehicle is assigned to deliver to two routes. At simulation time 

t=0 the vehicle is in the idle state and there are no orders within the queue (i). As time progresses, and the 

various work stations consume parts, orders for call part replenishment are added to the job queue (ii). 
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The simulation tool assigns the first job (Part 1) to the first available vehicle and allocates the vehicle to 

the appropriate call route. This places the vehicle into the busy state, as shown by the red icon, and 

removes it from the available vehicle pool (iii). Each route has two indicators: green, indicating that there 

is ongoing delivery on that route, and yellow, indicating that there is at least one pending delivery. As 

additional routes place orders for parts, they join the queue and the status is changed to yellow to 

highlight the presence of a pending order (iv). Information regarding each delivery is recorded such as, 

start time (when part is requested for replenishment), end time of delivery, distance travelled and number 

of parts delivered. In the case where there are no open orders for any routes, the vehicle will become idle. 

 Card route deliveries are scheduled for each card component based on a departure timetable. A list of 

the required parts are collected from the order queue and the vehicle delivers the parts to the appropriate 

stations in the order defined for the particular route.  

 

 

Figure 4 Card Route Logic 

 

 Figure 4, depicts the card route logic employed within the Ford MFA tool. Initially, at t = 0, the 

vehicle is idle and there are no pending orders (i). This idle state is reached anytime there are no orders in 

the queue. As parts are consumed and station trigger points reached orders are placed into the queue. 

When the simulation progresses to a defined set departure time a vehicle is assigned to the route and 

collects the required parts from the market place (ii). Upon assignment the vehicle will deliver to multiple 

work stations linked together on the particular route and the vehicle is recorded as busy (iii). As the 

vehicle is delivering parts, the shopping list for the following time interval is generated in the part queue 

(iv).  

 During the simulation the tool tracks and records: parts status and stock quantity, station status, 

vehicle status, which can be reported based on the frequency set by user (minimum 1 minute). The 

location of the vehicle is tracked based on the route definition and assigned speed. When the vehicle 

reaches a station, the quantity held within the line side buffer part is updated by the quantity delivered. 

Failure to deliver part in time would result in stock-out status. Through this process raw data is transferred 

into pertinent information and key metrics for PTME including: number of line stoppages due to shortage 

of material (stock-out), average vehicle utilisation, distance travelled by vehicle and total weights carried 

by vehicle operator. 

2.3 Establishing Trust in the MFA Tool 

Throughout the development of the tool a simplistic model was built and aligned to a small, local, 

manufacturing line allowing for close collaboration. The changing data set found on the actual facility 

was used to make sure the development was headed in the right direction and aided with verification of 

the input; highlighting initial bugs. By working closely with the plant throughout, the exercise led to 

several ideas and helped focus further development to meet an actual plants requirements.  
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 Upon completion of the development the tool was compared to a full engine assembly line in the 

same plant. The simulation results were again compared to the, now more complex, real data set and a 

summary of some of the key metrics are shown in Table 2. 

 

Table 2 Comparison of Simulation & Actual Data 

 
 

 It can be concluded that the results for average vehicle utilisation and duration from the model are 

equivalent to the real data. Sensitivity analysis was carried out to assess the model’s behaviour by 
changing key factors. The Ford MFA tool is a globally released tool and is integral to the PTME’s 
forward planning team and is used in existing plants to support the delivery operating system. One such 

example of forward planning relates to a new engine line launched in 2015 where engineers used the 

MFA tool for planning and implementation of delivery strategies. Subsequent to the launch the initial 

simulation model was validated against actual data. Further details were validated for the case study and 

similarly several of Ford’s UK and European plants have validated the tool by creating effective 

simulation models which depict current logistic systems. 

 

3 SAFETY HEAT MAP 

 

Since the initial development of the Ford MFA tool there have been various enhancements made. The 

most successful extension was to include the “Ford Vehicle Heatmap” (VH). The VH was developed to 

increase the communication of simulation output to allow data driven safety assessments. The concept is 

based on a primitive practice previously seen within Ford utilising transparencies and an overhead light 

projector. A single transparent paper was used for each route and the vehicle travel path mapped out upon 

it; shaded with a marker pen. When overlaid the stacking of routes would block the light such that the 

darkness correlated to the number of routes passing through a particular area. Different routes could then 

be suggested and the number and choice of routes stacked accordingly until an agreed level of balance 

was found. The approach was used by Material Handling engineers in cooperation with the safety 

departments and allowed a basic assessment of all the routes holistically. The approach allowed an initial 

quantification for vehicle-vehicle and/or vehicle-pedestrian interactions with the following limitations: 

 

 Not metric driven, number of routes passing a point not number of vehicles 

 Time consuming 

 Subjective which route is darker 

 Shading of route assumes constant traffic flow 

 

 The MFA tool VH addresses these limitations by introducing a quantitative, data driven, measure for 

the number of vehicles passing any station. This is a simple adjustment of the existing data output from 

the tool leveraging the number of rounds per hour for each route. The overall simulation process is 
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included as Appendix Figure A-1. The route data is plotted, on an excel grid structure, for each route with 

the vehicle density shown for each station. A conditional format is then used to visualise the varying 

traffic densities on a scale from green (low traffic) to red (high traffic).  

The VH highlights areas with high traffic density and has supported the decision to make changes to 

planned routes. The VH has been utilised on several programs assisting layout engineers when 

positioning facilities such as pedestrian crossings and dome mirrors through consideration of the traffic 

density. However, it is not the aim of the VH, at this current stage, to provide a standalone overall 

understanding of the safe/unsafe areas of the plant. Instead, it directs safety personnel attention to review 

areas of high traffic density which may be associated with increased risk to pedestrians. This allows for 

targeted position for further risk assessment to be undertaken to establish the overall risk considering the 

pedestrian flow and environmental factors. Enhancements to the tool are planned and are included in the 

conclusion as further work. 

  

 

Figure 5 Example of MFA Heatmap 

 

4 CONCLUSION 

The Material Flow Analysis tool & approach described here expands upon the suite of bespoke tools 

available within Ford PTME. The tool has introduced the following advantages over traditional 

approaches: 
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 Safety – Introduction of the heatmap has provided an increased awareness of dangerous traffic 

movement and motivated engineering actions to reduce risk 

 Quality – Data driven approach allowing Material Handling engineers to improve the information 

included in system assessment reducing potential for poor system design. Removes use of gut feel 

and subjective application of engineer’s experience. 
 Delivery – Engineered approach to reduce risk of part shortages (stock-outs). Initial results can be 

assessed and improved strategies employed to achieve a robust material handling system. This can be 

done by running iterations of the model with new strategies.  

 Cost – Ensures delivery of new production facilities are at minimum initial cost and can provide year 

over year efficiencies with continuous improvement activities in existing systems. Efficiencies 

reported include reduced number of vehicles and operators 

 Change Management – Provides a zero cost, zero disruption, data drive method to trial alternative 

strategies until an optimum is found. The tool allows engineers to test various strategies without risk 

to the actual facility. 

 

Development of the Ford Material Flow Analysis tool and presentation of this body of work 

motivates the following future research tasks: 

 

 Gap Analysis – A review and comparison of commercially available software verses Ford MFA Tool 

 Vehicle Heat Map – Development of a holistic metric to quantify risk of pedestrian-vehicle 

interaction through the use of simulation 
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Step 1 - Plot the stations 

•Map the layout using relative x & y coordinates from a CAD layout 

Step 2 - Combine the stations into routes 

•PMHV routes are mapped by combining individual stations into the required order and are 
marked as card/call type. 

Step 3 - Add the Bill of Materials (BOM) 

•Standard manufacturing document containing key input data such as pack quantity, parts per 
engine, delivery address (station), part classification (card/call) and box weight. 

Step 4 - Run The Simulation 

•Run length analysis is undertaken and the simulation is run to generate a series of output 
reports 

Step 5 - Generate Reports 

•Vehicle report include key data on simulated facillity including number of rounds per vehicle, average 
duration, distance travelled and utilisation of each vehicle. 

•Route report includes data for each route undertaken including: average route duration, distance 
travelled, assigned vehicle and weights carried 

•Stock report shows the number of parts, recorded at each time step, for each station; highlighting any 
stock-outs. 

Step 6 - Generate HeatMap 

•Identify high vehicle traffic area and propose changes 

•Visualisation of output data used to assist in quantifying risk to pedestrians 

•Calculated using rounds per hour data in the round report 

Step 7 - Review 

•Refined model with zero-stockouts and better vehicle traffic heatmap. 

•Communicate simulation output reports to decision makers 

A APPENDICES  

Figure A-1 Overview of Simulation Process 
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ABSTRACT

The airlines industry is prone to disruption due to various causes. Whilst an airline may not be able to control the

causes of disruption, it can reduce the impact of a disruptive event, such as a mechanical failure, with its response

by revising the schedule. Potential actions include swapping aircraft, delaying flights and cancellations. This paper

will present our research into how symbiotic simulation could potentially be used to improve the response to a

disruptive event by evaluating potential revised schedules. Due to the large solution space, exhaustive searches

are infeasible. Our research is investigating the use of multi-fidelity models to help guide the search of the op-

timisation algorithm, leading to good solutions being generated within the time constraints of disruption management.

Keywords: Airline Disruption Management, Symbiotic Simulation, Multi-fidelity Modelling

1 INTRODUCTION

One of the major problems faced by airlines is disruption to their schedules. Although a great deal of

time and money is spent on preparing an optimal schedule, it is very rare that a flight programme will be

carried out as intended within the operation. This can be caused by a variety of issues such as weather

conditions and aircraft failures. This paper will focus on disruption caused by aircraft failures requiring

unplanned maintenance, leading to problems with fleet allocation. The impacts of such an event can

propagate through the system causing many more delays and cancellations, particularly if the airline has

a high aircraft utilisation. The response of an airline seeking to manage the burden of a disruptive event

can have a large effect on the outcome. Each action corresponds to revising the schedule in some way,

whether it be delaying or cancelling flights or exchanging aircraft.

The airlines industry is a very complex environment and it can be difficult to see what consequences a

change in schedule may have. To help with the Aircraft Recovery Problem (ARP), a variety of approaches

using mathematical programming techniques (such as integer programming) have been proposed. These

can often deal with the complexity involved in a deterministic model. However, the airlines industry is
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also highly stochastic. The turn-around times, times spent queueing at airports and other possible failures

are stochastic, meaning that further disruptions could occur during the recovery period. The ability of

standard deterministic programmes to incorporate this stochasticity is limited, particularly as the number

of sources of variation is large. The recovery problem in which variability is taken into account is known

as the Stochastic Aircraft Recovery Problem (SARP). Only probabilistic models can achieve the levels of

detail required. Unfortunately, due to the complexity, analytical models are rarely tractable.

Therefore, simulation seems to be a natural way of modelling airline operations. Furthermore, it

is important that the model remains a good representation of the physical process by adapting its input

parameters as the system evolves with time.

Symbiotic simulation was first proposed in Fujimoto et al. (2002) as a means of allowing a simulation

system to interact with the physical system it models in a mutually beneficial way. The exchange of

information between the two systems has the potential to improve both the performance of the physical

system and the representation of the simulation model by adapting it to new circumstances. At the time of

triggering, multiple strategies can be tested using the simulation model and the output used to find a good

solution. Part of its attraction is its ability to be reused in new situations (either through different initial

conditions or by a change in the underlying process) without requiring major programming alterations.

Symbiotic simulation has received much interest in the areas of, for example, manufacturing and traffic

management.

We believe that the abilities of symbiotic simulation have great potential within airline operations,

particularly as a decision support system using reactive triggering to help tackle the SARP.

However, high-fidelity simulation models have non-negligible computation time, which proves prob-

lematic for search and optimisation algorithms when there is a large solution space and tight time constraints

such as in airline disruption management. The use of the simulation must be selective in order to find

good solutions within a reasonable time. Multi-fidelity modelling is the use of a low-fidelity model to

quickly identify potentially good solutions that can then be simulated to give a more thorough evaluation

of the solution’s performance. The research outlined in this paper is investigating the use of multi-fidelity

modelling within the aircraft recovery problem.

This paper is organised as follows. A brief review of some of the approaches to disruption management

in airlines operations and symbiotic simulation applications is in Section 2. In Section 3, we provide an

overview of our current simulation and integer programming models for the SARP as well as how these

mixed fidelity models are combined. A demonstration and preliminary results are given in Section 4.

Following this, we discuss some of the future directions of the research.

2 LITERATURE REVIEW

There are many applications of deterministic optimisation within the literature to problems involving adapting

an airline’s schedule. These include work by Rosenberger et al. (2003) who propose an integer programme

based on a set packing formulation to assign aircraft to rotations whilst minimising the cost and a heuristic

to help reduce the problem size. Løve et al. (2005) formulate the problem using a network in which both

aircraft and flights are represented by nodes and arcs represent the assignments and routes. Again, cost is

the main objective. The authors describe a Steepest Ascent Local Search heuristic to find good solutions.

However, the consequences of a disruption are random events and so are difficult to truly incorporate into a

deterministic regime. Zhu et al. (2015) include some stochastic elements by using a stochastic programme

to deal with different potential times at which an aircraft truly becomes available. However, other stochastic

elements are not considered. This is the major limitation of traditional optimization techniques.

Disruption handling has been considered within simulation before, particularly in the SimAir software

initially proposed by Rosenberger et al. (2000). These included a simulation of an airline’s operation,

evaluating different recovery strategies using deterministic tests and implementing the best decision under a

particular disruptive event (Rosenberger et al. 2002). Lee et al. (2003) use SimAir to explore the robustness

of a given schedule and a variety of response policies to disruption. At each event, the schedule is checked
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to see if any legal regulations, such as crew flying hours, are to be violated in subsequent flights. If so, a

recovery module selects a recovery action from a list of heuristic responses, such as delaying flights and

short cycle cancellations. The main aim of the recovery module is to resolve any illegalities detected, rather

than to minimise the impact. However, the main focus of SimAir is to test policies at a strategic level,

rather than function reactively at the operational time scale and incorporate all of the latest information

that is available.

Two approaches for the SARP involving simulation were proposed by Guimarans et al. (2015), who

used a Constraint Programming (CP) formulation combined with a Large Neighbourhood Search (LNS)

algorithm to search the solution space. One algorithm used a deterministic objective function at each step

of the heuristic until the search stopped. The resulting solution would then be simulated under a set of

scenarios to test its robustness; if the robustness of the proposed solution is not considered satisfactory, its

objective function value is added as a lower bound to the CP and the process repeats. The second approach

uses the simulation at each step of the LNS search, called the SimLNS. Acceptance of the solution is

either based on the average performance across the set or the worst performing replication. Whilst the

variability was limited to just the flight times in the experimentation, the extension of this could be easily

implemented, though this could harm the SimLNS computational performance.

Symbiotic simulation was defined at the Dagstuhl seminar on Grand Challenges for Modelling and

Simulation (Fujimoto et al. 2002). The simulation receives measurements and observations from the

physical system to improve its representation. The physical system can use the information gained from

the what-if analysis of the simulation to improve its performance.

Aydt et al. (2009) contains a review of some of the important aspects of symbiotic simulation, from

the purpose (such as whether it acts as a control system or a decision support system) to the triggering

mechanism (reactive, preventative or pro-active). There have been many studies of symbiotic simulation

since then with applications to various settings such as UAV collision avoidance (Holt et al. 2014) and

quality control in gas turbine manufacturing (Meng et al. 2013).

Symbiotic simulation has been used to schedule tool operations in a semiconductor manufacturing

setting by Aydt et al. (2011). This acts as a control system triggered pro-actively every 12 hours to find a

new schedule for the next 24 hours. The schedule is found using an evolutionary algorithm.

Other applications include those to transportation settings. Vu et al. (2013) proposed a system that,

given a traffic incident, could help an individual find a new route to their destination. Based on the

predicted congestion from current data and a mesoscopic simulator, a finite set of routes is proposed and

then simulated to find which has the smallest average travel time. Extending this idea to a population of

vehicles, Aydt et al. (2012) focus on paths suggested by individual drivers to reduce the solution space

whilst allowing a more holistic approach to traffic management within a city. This requires a great deal of

information from individual vehicles to produce a high fidelity model.

Multi-fidelity modelling uses a simple approximation to the problem to identify candidate ‘best’ solutions

which can then be simulated more thoroughly. These are also prevalent in simheuristics which often use

a deterministic model to search the space and pick out promising solutions. One such example is the

algorithm for combinatorial optimisation problems proposed by Juan et al. (2015). However, Xu et al.

(2016) point out that the bias of the low-fidelity model is unknown and so could be a poor guide and

criticise the naive approach of only simulating the solutions considered to be the best. Their proposed

method (MO2TOS) maps the solution space onto a one dimensional space using the low-fidelity model

rankings. The high-fidelity simulation is then allocated to solutions based on their ranking. This allows

for a more thorough exploration during the simulation phase whilst still using the simulation selectively.

Unfortunately, their work focusses on a setting in which all options can be evaluated with the low-fidelity

model and there is no noise in the high-fidelity model output. Neither of these assumptions are applicable

here.
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3 MULTI-FIDELITY MODELS

A high-fidelity simulation model allows the user to be more confident that the simulation output is relevant

to their concerns. Typically, however, the higher the fidelity, the more time is required to run the model.

If the solution space is large and time is short, only a few solutions can be simulated. This is the case

in disruption management. To use the simulation selectively, we propose using a simplified, deterministic

model to help guide the search. This low-fidelity model takes the form of an integer programme. In this

section we give an overview of the integer programme and simulation models followed by a description

of how they are combined.

3.1 Low-fidelity Integer Programme

The use of an integer programme allows a straightforward way to represent some of the complexity of

the airlines industry as well as a framework for solution methods. Our initial approximation is to use

a deterministic model, neglecting potential recourse actions. This is a further simplification, though the

stochastic elements are dealt with using the simulation.

The integer programme aims to allocate the aircraft to flights at minimum cost. It is based upon a

time-space network (Zhang et al. 2015). Each node represents the time of a potential arrival or departure

at an airport during the recovery period. Arcs either represent time spent at an airport (ground arcs) or

potential rescheduled flights (flight delay arcs). Each flight has a series of delay options spaced equally

between no delay and a maximum permissible delay. The allowed schedule changes are delaying flights,

cancelling flights and exchanging aircraft assignments. Other options such as ferrying empty aircraft have

not been considered. A feasible solution is a path for each aircraft through this time-space network using

a sequence of ground and flight delay arcs.

The model includes a number of constraints. To respect minimum turn-around times of aircraft, only

ground arcs representing sufficient time are generated. To ensure that the schedule can be operated beyond

the recovery period, there must be sufficient aircraft at each airport after the recovery period (aircraft

balance). Furthermore, airport runways have capacity constraints that must be respected, so that the airline

can only use the runways during certain slots. It is assumed that this information is available to the airline.

Other constraints include aircraft flow through the network and flight allocation constraints.

To optimise the integer programme, the Gurobi Optimizer 7.0.2 (Gurobi Optimization, Inc., 2017)

is used. Preliminary results suggest that there is a trade-off between solution time and solution quality;

see Figure 1. Increasing the number of aircraft involved in the problem or decreasing the delay spacing

increases the time of the optimisation process. However, these increases in problem size also lead to lower

costs as more rescheduling options become available.

3.2 High-fidelity Simulation Model

The simulation model consists of a single sub-fleet of an airline operating between a set of airports. Each

aircraft in the sub-fleet aims to follow a schedule that is predefined. However, this is subject to variation in

the flight times (due to the probabilistic flight duration and queueing times at airports), turn-around times

and potential maintenance issues that need resolving. The schedule is stored within a database, which

contains the origin, destination, departure and arrival times and the aircraft allocated for each flight. The

schedules are the decision variables to be tested within the symbiotic simulation.

The sub-fleet population for the airline is created from a database and includes their identification,

current maintenance state, number of flying hours since last maintenance, current location and when the

next maintenance check is scheduled.

Much of the model structure is influenced by the SimAir design as presented in Lee et al. (2003).

Unlike SimAir, however, crews and passengers are not considered. The simulation is implemented using

AnyLogic 8.1.0 (The AnyLogic Company, 2017).
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Figure 1 Time to find the optimal solution and optimal cost for a variety of problem sizes in the low-fidelity model.

The different colours refer to different interval sizes for delays.

The data used by the simulation comes from https://www.flightradar24.com using the pyflightdata

Python package (https://github.com/supercoderz/pyflightdata last accessed 4 October 2017). This data is

currently used for two purposes: for inference into the flight duration distributions and the arrivals and

departures at the airports relevant to the airline.

Each flight in the model consists of a series of events, as shown in Figure 2. The core parts of the

model are the flight times, the take-off and landing queues and the time at the airport. Each of these are

sources of stochasticity within the system and so are important to consider.
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❆
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✲
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Arrive
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✲
t

Figure 2 The breakdown of each flight within the simulation. Based on Figure 3 of Lee et al. (2003).

The flight times are sampled from a log-logistic distribution with Maximum Likelihood Estimates for

the parameters based on the data.

The landing and take-off queues are modelled as G(t)/D(t)/1 queueing systems. Each airport has a

schedule of arrivals and departures, which is assumed known to the airline. However, the aircraft rarely

arrive at the queues on time and so some deviation is added in the simulation. The distribution of deviations

for airport arrivals is normal and is log-logistic for departure, both are estimated from the data. The

deterministic service time at the queues represents the minimum spacing required between aircraft in the

procedures. It is assumed that, given the time of day and weather conditions, this is a deterministic function.

An aircraft’s length of stay at an airport is governed by whether or not the aircraft requires maintenance.

These processes are not tracked in our current data source and so some assumptions have been made about

the lengths of time involved and the distributions. The exact processes required in the turn-around times are

not modelled explicitly. Turn-around times are assumed to be normally distributed. Planned maintenance

150

https://www.flightradar24.com
https://github.com/supercoderz/pyflightdata


Rhodes-Leader, Onggo, Worthington and Nelson

is assumed to have a fixed duration whilst unplanned maintenance is sampled from a Gamma distribution.

The parameters for these distributions vary depending on the services available at individual airports. The

aircraft will either leave when scheduled or once they are ready, which ever is later.

The time to failure model used is a Weibull distribution conditional on the time spent flying since

the aircraft’s last maintenance event. This assumes that the aircraft is a single component and so a more

sophisticated model would be required in practise. An aircraft fails once its time in flight exceeds its failure

time.

3.3 Combining the Models

The low-fidelity model is used to generate a set of potentially good solutions. This process dramatically

reduces the solution space for the simulation optimisation procedure. We are currently considering two

different algorithms for generating this set. The first is to use the Gurobi Optimizer 7.0.2 to find the set of

M best solutions to the problem. Firstly it finds the optimal solution before searching other branches for

the next best.

The second is to use the ε−Constraint method with secondary objectives such as total delay, number

of cancellations and the number of aircraft swaps made. By varying the limits of these constraints and

solving the problem multiple times, a variety of solutions on the efficient frontier can then be found.

Part of our investigation is to look at which of these methods perform better and if there are particular

circumstances under which one outperforms the other.

Once this set has been found, a Ranking and Selection procedure can be implemented. Whether or not

screening or a sequential methodology is selected would depend upon the size of the set from the integer

programme and the time still available to the operations control centre of the airline.

An extension of this approach would be to use the simulation to perform a local search around each

of the solutions provided by the low-fidelity model. This would allow a more thorough search of the

solution space guided by the low-fidelity model, and may help understand inaccuracies in the low-fidelity

model. However, the definition of a neighbourhood in a space of scheduling is non-trivial due to the strong

dependence between all variables. Making adjustments to one variable inevitably leads to (potentially

many) more adjustments being required. Part of our future work would be to find the most appropriate

dimensions in which the neighbourhood could be defined.

4 DEMONSTRATION

In this section, we will discuss some preliminary results of the combination of the integer programme

and the simulation model. Here we use a small problem as an indication of the intended use and the

potential results. The example problem involves a fleet of five aircraft operating between London Heathrow,

Edinburgh and Manchester airports, with 83 flights between them over two days. One of the aircraft has

been found to have a mechanical failure and is expected to be unavailable until 1 hour and 20 minutes

after it was scheduled to fly. The aim is to find a revised schedule for the next two days.

The costs are assumed to only arise from passenger compensation and delays (delay cost is assumed

to be proportional to the delay length). The only slot constraints considered are for overnight arrivals and

departures. The maximum allowable delay is 3 hours with a delay interval of 10 minutes. To allow for

some slack, the low-fidelity model assumes a minimum turn-around time of 50 minutes, whilst the mean

turn-around time in the simulation is 40 minutes, with a standard deviation of 10 minutes. The resulting

integer programme has 4748003 variables, 164834 constraints and more than 2450 feasible solutions.

The Gurobi Optimizer was used to return the best five solutions to the integer programme found within a

time limit. These solutions were then compared in the simulation using the Ranking and Selection procedure

proposed by Rinott (1978). The desired probability of correct selection was 0.95 with an indifference-zone

parameter of d = £1000. The costs estimated by both the integer programme and the simulation are shown

in Figure 3.
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Figure 3 The estimated expected costs from both models. The simulation include 95% confidence intervals for the

mean cost.

The plot suggests that the deterministic model significantly underestimates the costs of operating the

proposed schedule changes in reality. This is to be expected as adding variability into queueing systems

tends to increase the time in the system. However, the ranking of the solutions by each model is similar,

which is an important aspect of multi-fidelity modelling. This is encouraging as it suggests that a good

solution in the low-fidelity model can translate into a good solution for the high-fidelity model.

5 DISCUSSION AND FUTURE WORK

The results of our initial experimentation have been promising. They indicate that there may indeed be a

correlation between the performance estimates of the two models. However, there are a number of issues

that are still to be resolved.

Several questions remain regarding the use of the low-fidelity model, particularly the search for solutions.

For example, how many solutions should be looked for? Would a more heuristic approach that produced

more ‘good’, defined using an optimality gap, rather than optimal solutions be more appropriate? There

are also parameters within the search that could be tuned. Further experiments on larger examples are

required and may help to determine which of the methods outlined in Section 3.3 are more appropriate for

this application.

The main aim of multi-fidelity modelling is to use information from a simple approximation to

the problem to influence how the high-fidelity model is used. Therefore, the more representative that

approximation is, the better the information is and so the better the guidance is. Our low-fidelity model

is completely deterministic, which is a very strong assumption. If it could be replaced by a model that

incorporated some stochastic elements, the gap between the two models should decrease which should

in turn improve the solutions suggested. However, the computational efficiency of the low-fidelity model

must be preserved. In practise, such a tool would be used repeatedly. Thus, one could ‘learn’ how well

the low-fidelity model ranks the solutions compared to the simulation model. Therefore, one could have a

calibration process in which a set of parameters of the low-fidelity model are gradually tuned to improve

the information it provides.
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Whilst our current method does take into account the inaccurate performance estimation of the low-fidelity

model within the group of proposed solutions, it assumes that the inaccuracy does not vary significantly,

and behaves systematically across the whole space. That is, it assumes that no solution’s rank differs

substantially between the two models. However, the inaccuracy may not behave in a predictable manner.

Thus, there may be solutions that were not selected by the low-fidelity model that have greater performance

than those that are. This motivates a greater involvement of the simulation in the process. This could be

using a local neighbourhood search around the solutions in the proposed set. As part of this development,

a new formulation of the solution space would be required in order to define the neighbourhoods to search

through. An alternative would be to use a more iterative approach between the high and low-fidelity models

such as that considered in other simheuristics.

The ideal use of this procedure would be to offer the airlines evidence on the performance of a small

set of revised schedules across a number of performance measures. For example, an airline may be willing

to increase the expected cost if this came with a substantial decrease in the variance. A lower variance may

help to reduce the risk of very high costs, which is an important factor airlines would want to consider.

There are also developments that could be made to the simulation model. For example, a more

sophisticated model of the flight durations to include weather conditions and deliberate changes in speed

made by the pilot. This could also be incorporated into the solution space of the problem.

In conclusion, we have proposed a multi-fidelity modelling approach to airline disruption management,

combining an integer programme with a simulation model. The early results suggest that this is a promising

method, though more development and experimentation is still required.
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ABSTRACT

Out of many studies on the determinants of driving migration flow, violence has widely been recognized as one

of the most important ones. We propose a simulation development approach suitable for refugee population size

prediction. Particularly, this paper focuses on model design process from an input data perspective of refugee

modelling. We aim to find out the correlation between the occurrence of violent events and refugee count, and

attempt to predict the number of refugees that escape these conflicts. However, we were unable to find a significant

correlation in the source data. This does not mean that violent events inducing refugee flows should rule out completely.

Keywords: simulation, refugee modelling, simulation development approach, model design process, input

data

1 INTRODUCTION

Forced migration has become one of the major humanitarian issues globally. According to the United

Nations High Commissioner for Refugees (UNHCR), in 2016, 65.6 million people were forcibly displaced

in the world, including 22.5 million refugees among them (UNHCR 2017). A number of migration theories

have been developed to explain reasons behind increasing migration flows. For instance, one of the pioneer

theories is gravity approach by Ravenstein (1885), who suggested migration laws. His observation has

become the starting point for many that applied specific context and time to migration studies (Faist 2000).

However, the most popular theory explaining migration is push-pull factors suggested by Lee (1966),

where push factors, such as violence, economic condition, and natural disaster, drive migrants away from

origin country, and pull factors attract migrants to their destination country with high wages and colonial tie.

Moreover, there are a number of social science studies on the determinants driving refugee flows (Moore

and Shellman 2004, Moore and Shellman 2006, Moore and Shellman 2007). Similarly, there are migration

theories from a social environment context (Edwards 2008), as well as theories on the movement of people

from individual or household perspectives (Davenport et al. 2003, Faist 2000, Engel and Ibanez 2007)

Although migration studies span across various disciplines, there has not been any efficient prediction

methods (Disney et al. 2015). In particular, there are not many studies providing a better understanding of

refugee crisis and movement patterns using computational tools. Hence, there is a large room to explore

the use of computational simulation in prediction and gap fulfilment in the estimation of forced migration

(Groen 2016).
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Suleimenova et al. (2017) have attempted to use an agent-based model to predict refugee movements

in three African countries, Burundi, Central African Republic (CAR) and Mali. Comparing with the naive

model, they have made a relatively accurate estimation of the distribution of refugees across camps, based

on the total number of refugee registered on each day. The paper is only on refugees who have travelled

internationally and settled in neighbouring countries. The 1951 Refugee Convention has defined a refugee

to be ”someone who is unable or unwilling to return to their country of origin owing to a well-founded

fear of being persecuted for reasons of race, religion, nationality, membership of a particular social group,

or political opinion” (UNHCR 2010).

As part of our effort to try and accurately predict refugee movements using simulation, we focus here

on the design of a simulation which could predict the number of refugees emerging from conflict areas.

We specifically investigate whether such a simulation is feasible from an input data perspective. If so, this

would enable us to create a new multiscale application, combining this model with our existing simulations

on refugee movements from conflicts to camps (Suleimenova, Bell, and Groen 2017).

In the next section, we will review a generalised simulation development approach suggested by

Suleimenova et al. (2017) including an overview of the approach in general with an emphasis on model

design. We will also explore a selection of input and validation data, as well as model parameters of refugee

simulations. Finally, we will discuss outcomes of our feasibility study on whether there is a correlation

between violent events and refugee flows.

2 SIMULATION DEVELOPMENT APPROACH

Suleimenova et al. (2017) present a generalized simulation development approach (SDA), demonstrated

in Figure 1, predicting refugee destinations. This approach starts with the problem selection phase where

we indicate the target country and specific time period to model refugee destinations. The second phase is

a model design that involves obtaining the relevant data from sources, such as UNHCR, Armed Conflict

Location and Event Data Project (ACLED) and the Bing Maps. These sources provide the basis to construct

and build the initial model. After construction, the model is refined with additional data to improve the

accuracy of the simulation. The next is to execute the simulation by running the FLEE code and obtain

the output data to analyse and validate results.

Figure 1 A generalized simulation development approach (Suleimenova et al. 2017).

A generalised SDA to some extent resonates the iterative-three-phase approach by Fishwick (1995), who

suggested a framework for the simulation process including model design, model execution and execution

analysis. These phases are tightly coupled and iterative, so the structure and accuracy of the model can
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be improved and validated to produce reliable results. Both of the approaches have similar phases starting

from data source selection to model analysis.

However, the most distinctive difference is probably the problem selection part suggested in a generalised

SDA. It is an important part to define the value and the process of the model. Moreover, in Fishwick (1995)

approach, every step is iterative and can be traversed backwards for refinement. This is also important in

simulation development as a model is unlikely to make an accurate prediction without continuous reflection

and refinement.

In light of this, we have combined elements from the two approaches mentioned above and designed a

simulation development approach suitable for refugee population size prediction demonstrated in Figure 2.

It is crucial to define problem question at the beginning as this can determine the value of the model

and ascertain the whole process as problem-centred. Therefore, we select the problem of Central African

Republic (CAR) and target its civil war period between December 2013 to February 2016.

Figure 2 An overview of a simulation development approach suitable for refugee population size prediction.

2.1 Model design: selection of input and validation data

This paper aims to explore model design phase of a simulation development approach, which initiates from

exploring input and validation data. Specifically, for simulation purposes, we obtained data from two main

sources, UNHCR and ACLED, described in Table 1. The obtained datasets are a time-series of refugee

counts and the details of violent events during the civil war for CAR conflict. The total number of refugee

counts in the dataset represents the total number of refugee registrations in the refugee camps. The refugee

camps, which accommodate refugees from CAR, are listed in Table 2.

Table 1 Description of data sources

Data sources Description of data set Attributes

UNHCR 1. Total number of refugees from CAR Date, number of refugees

Refugee across time from 1 Dec 2013 to 28 Feb 2016

Operational 2. Number or refugee count in individual Date, number of refugees

Portal refugee camps across time

ACLED Detailed record of all violence events in CAR Date, type of violent event,

location, fatalities
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Table 2 Refugee camps in neighbouring countries of CAR

Country Camp locations

Cameroon Ngari-Singo, Lolo, Gado, Gado II,

Mbile and Timangolo in East Region,

Borgop and Ngam in Adamaoua Region

Chad Belom, Dosseye, Amboko, Gondje and Moyo

Democratic Republic of the Congo (DRC) Inke, Mole, Bili, Mboti and Boyabu

Republic of the Congo (RC) Betou and Brazaville

After gathering information from UNHCR database, we discovered some information regarding refugee

camps. Firstly, according to the data, the camp in Bilwe (DRC) opened on the 1st of April 2015 and there

was no influx of refugees prior to this date. Secondly, a few border closures have happened within the

conflict period. Particularly, there was a border closure between CAR and DRC from the 5th of December

2013 until the 30th of June 2014 (UNHCR 2014), as well as between CAR and Chad from the 12th of May

2014 till the end of simulation period (Reuters 2014). Moreover, the obtained data suggest that Cameroon

has held approximately half of the total number of refugees (UNHCR 2015). As of July 2017, 44% of the

refugees arriving at Cameroon were allocated to refugee camps in East and Adamaoua Regions. While

some of the refugees were transferred to camps, such as Lolo, Mborguene, Ngam, and Borgop. The rest

decided to stay in villages or in cities near Cameroon borders (UNICEF 2014).

2.2 Model design: feasibility study for model parameter selection

The next step in the model design phase is model parameter selection. Specifically, we examined the data

for any potential trends and correlations to choose parameter and structure the model. In this stage, we

used Tableau and Excel as the main tools for exploring and visualizing the input data. To start with, we

categorised the total number of events, see Figure 3. It shows that the violence against civilians is the

major type of violence. The total number of violence against civilians is nearly double of the second

most frequent type of event, i.e. battle - no change of territory. It refers to a battle between two violent

armed groups where control of the contested location does not change according to the Data User Guide

of ACLED (ACLED 2017). Nevertheless, the intensity of all other types of events remains quite steady.

There is no sharp increase in any particular type of event which could count for the three sudden increases

in refugee count demonstrated in Figure 4.

Figure 3 Type of events over simulation period.
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Figure 4 The total number of refugee counts interpolated over simulation period.

Moreover, we investigated the magnitude of the violent events and its potential motivation in drawing

refugee flows. The magnitude is positively associated with the number of refugee count and there are three

sharp increases in refugee count due to several large-scale events which impose a big threat to existing

citizens life and bring up their decisions to flee.

To measure the scale of the violent events, we observed the number of fatalities represented by the

events on weekly basis across time, see Figure 5. There is no obvious increase in the number of fatalities

observed before the sudden and tremendous increases in refugee count except at the very beginning when

the reception of refugees starts in camps. In fact, the number of fatalities has remained high from December

2013 to March 2014. While the total refugee count has increased steadily from late December 2013 until

October 2014. Prior to the sharp increase in refugee count in October 2014, the number of fatalities per

week has remained relatively low (less than 100 deaths per week). In addition, the decreasing number of

fatalities between January 2015 to October 2015 contradicts with the continuous increase in refugee count

from March 2015. The number of fatalities remained nearly low in comparison to the entire simulation

period. Therefore, we conclude that there is no correlation between the number of fatalities and refugee

flows.

Figure 5 Number of fatalities per week over simulation period.

We were unable to find a significant correlation in the source data at this time. This does not mean

that violent events inducing refugee flows should rule out completely. In fact, there can be various reasons

that can count for the sudden increase in the dataset, for instance, the methodology in counting refugee

numbers.
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3 DISCUSSION

In the context of input data selection, the update of refugee counts on UNHCR Data Portal does not seem

to be very frequent. As of September 2017, the last update was in April 2017 in three out of four countries

receiving refugees from CAR. In real practice, the refugee count variable should be the output of the model.

In a practical way, the real-time refugee count data can play a role in foreseeing the trend of refugee

arrivals. Therefore, precise real-time data is also important in making a prediction.

As a summary of the work done in this phase, the data selected is generally fit for purpose and

appropriate for later use. Other websites such as RefWorld has also been visited to look for any valuable

data. However, most of the documents are in report format which is hard to analyse as a raw data. Although

there is a shortcoming in the data selected, the source of data seems highly limited without significant

choices and this is unavoidable in the stage of data selection.

On the other hand, ACLED has provided a very reliable source data on the violent event. The dataset

has provided important details of the event, such as location, fatalities, nature, etc. Although these attributes

do not provide any correlation with the refugee count, they are still important and valuable in measuring

the scale and effect of the event. Although ACLED has recognized the nature of real-time data on weekly

basis, it results in an occasional lag in report or insufficiency in details. However, it is still a powerful

source of data to make a real-time prediction.

As an overall review, the biggest struggle in this paper is the discrepancy and unusual appearance of

the data obtained. Although the public UNHCR data has been highly useful to help predict the destinations

of refugee journeys, we expect to require more detailed and precise observations for scholars to make

meaningful explorations on this particular topic. In addition, although violence has only been used in

correlating the refugee count in this paper, in reality, the sudden outflow of refugees can be due to various

events such as borders opening, refugee camps opening, or large-scaled refugee registration procedures.

Moreover, the decision-making process of a refugee may be driven only indirectly by the occurrence

of violence. For example, an individual may have been preparing to flee after a series of violent events

or signs of an unstable political environment, and eventually, flee when there is a refugee camp opened in

the nearby area or the preparation work has been finished. The heterogeneity of the society is also a factor

to be considered. As discussed in Engel and Ibanez (2007), apart from the societal environment, there are

a number of potential factors affecting an individuals option to flee. For instance, a family with elderly or

children may have a lower mobility and less likely to move.

In this paper, we only incorporated the occurrence violent events to keep the model simple (and due to

data limitations). However, the collection of data regarding refugee’s origin, demographical and economic

background should be included upon registration into the camp. There has been some effort in collecting

data of the refugee population demography (e.g. gender, ages, etc.) to understand the resource allocations.

In addition, details such as the exact date that the refugee has departed, their hometown, their travel route

and exact date of arrival can have a huge benefit in analysing the refugee movement, though privacy

concerns will have to be fully addressed. Indeed, studying the motives behind the decision to flee can

potentially bring powerful insights in refugee movement patterns.
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ABSTRACT 

Traditional approaches to building system dynamics models start by qualitative mapping of causal relationships 

between factors believed to explain performance outcomes. The resulting causal-loop diagram (CLD) is then passed 

to expert modelers who identify the accumulating stocks in the diagram, construct a software model structure, and 

seek data to produce a working model. The model is then validated before being used to solve the problem. The 

science of system dynamics suggests a simpler, faster and more reliable process, which moves directly from the 

performance of concern to a simple, yet quantified and working model of how changing asset- stocks are driving 

that performance. From there, interdependencies are traced – extending the working model. The method builds in 

quality from the start by continually checking that the simulation matches reality. Valuable insights emerge 

throughout the process – as is the case with the “agile” approach that now dominates software development. 
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1 CURRENT APPROACHES TO DEVELOPING SYSTEM DYNAMICS MODELS 

Concern has grown over recent years regarding the slow uptake of system dynamics among senior leaders 

with authority over significant policies in many domains; environment, health, economics, business, 

security and so on. (Forrester, 2007; Homer, 2013. Other methods have rapidly gained widespread 

adoption; both relatively simple methods, such as balanced score-card, and more sophisticated 

approaches, such as value-based management, systems engineering, 6 Sigma, and business process 

engineering, each of which has swept their potential domains of application in no more than 1-2 decades. 

A method might expect to be adopted if it meets three criteria – delivering demonstrable benefits, 

with reasonable effort and cost, and doing so reliably. The low recognition and slow adoption of system 

dynamics raise doubts about the method’s performance on all these criteria. 
Mature professional disciplines typically feature some best-practice by which their methods are 

implemented – standard procedures to ensure reliable delivery of valuable benefits, at reasonable cost. 

Professional societies typically publish such procedures – see for example the Supply Chain Council’s 
(2017) SCOR frameworks, the Balanced Scorecard Institute’s (2017) Nine Steps to Success, and 

INCOSE’s (2017) Systems Engineering Handbook. Although no such closely defined procedure exists for 
system dynamics, leading sources in the field suggest a somewhat common approach, summarised in 

figure 1 (Lane, 1994; Vennix, 1996; Sterman, 2000, p. 86; Maani and Cavana, 2000; Morecroft, 2007; 

Pruyt, 2013). 

In step 1, the facilitator works with problem owners to define the scope of the problem, plotting a 

chart of how the outcome of concern has changed over time, and might change in future. There may be 

more than one outcome of concern – reducing some harmful factor and at lower cost, for example. 



Warren 
 

In step 2, actors in the situation are asked what they believe to be the causal relationships between 

factors  related to the problem-issue. A collective process such as group model-building (Vennix, 1996) is 

used to combine these views into a single causal-loop diagram (CLD), taken to be a “shared mental 
model” of the system’s structure. In step 3, any accumulating stocks that may exist are identified, and a 

modified diagram produced in which those are made explicit. Steps 2 and 3 may be combined, with 

facilitators attempting to develop causal diagrams that include stocks and flows from the start, an 

alternative that brings some benefits, but also some costs (Lane DC, 2008; Fisher, 2010). 

The feedback diagram with stocks and flows provides the basis for step 4, where data is sought and 

arithmetical relationships specified in a working quantified model – a technically demanding task. The 

model is then validated and tested (Forrester and Senge, 1980; Graham, 1980; Barlas, 1989; Coyle and 

Exelby; 2000; Peterson and Eberlein, 1994; Sterman, 2000, Chapter 21; Schwaninger and Groesser, 

2009). The model should then be usable to test alternative scenarios and policy options. Sterman (2000) 

emphasises that modelling should be an iterative process, with lessons from later phases of the process 

leading to revisions of earlier steps. 

A careful assessment of the process summarised in Figure 1 suggests certain problems. First, the 

search for causal relationships is entirely qualitative. Stakeholders’ status as actors in the system is taken 
to justify including in the CLD any causal relationships they believe to exist, whether or not any evidence 

supports that assertion. Yet it is axiomatic in system dynamics that human cognition is not capable of 

understanding how feedback systems work (Sterman, 1989 and 1994; Paich and Sterman 1993; Moxnes, 

2000). Furthermore, human perception is notoriously subject to selection and bias (Kahneman , Slovic 

and Tversky,1982 ; Haselton, Nettle and Andrews, 2005). Power relationships among participants can 

influence the structure of the CLD and “accepted wisdom” can get built into the model, even though that 
wisdom is dysfunctional. It is therefore implausible that the sum of individual mental models will 

describe in any reliable manner how any system actually functions. 

Step 2 typically avoids identifying stocks and flows, even though any feedback loop must include at 

least one such structure. Even if stocks and flows are identified with stakeholders in step 3, it is again 

well-known that people cannot reliably estimate the behaviour of stock-flow structures (Cronin, Gonzalez 

and Sterman, 2009; Cronin and Gonzalez, 2007; Sterman, 2010). Novices in any case struggle with 

identifying accumulating stocks– items may be incorrectly identified as stocks, and actual stock-items 

may be missed. Since a system’s dynamic behaviour is inescapably dependent on such accumulating 
factors, any model that includes either error cannot be correct. 

Step 4 – building a quantified working model of a problem – follows established model-building 

 

 

Figure 1 Simplified diagram of a common approach to developing system dynamics models 
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procedures, but must be done by the same experienced system dynamics practitioners who can facilitate 

steps 1-3. Typically, it is only at this stage that significant numerical information is looked for. But since 

the audience previously consulted already signed up to the CLD, there is a substantial risk that data about 

important factors is not looked for, because it was not identified in the CLD, and that data about 

insignificant factors is forced into the model, regardless of its relevance. 

During the process in Figure 1, much effort is expended, much time passes, and commitment to the 

model structure grows to a high level. This emotional and practical investment make it difficult for 

participants to recognise or accept any problems that the issues noted above may have led to. As a result, 

when we get to Step 6 where the simulation model is actually used to answer the original questions, it 

may not be fit for that purpose. 
 

2 AN AGILE ALTERNATIVE AND CASE EXAMPLE 

Figure 1 bears a remarkable similarity to the “waterfall” process that dominated the field of software 
development until the 1990s. That too starts with identifying the full scope of the solution, then defines 

the entire architecture of the application to be developed, before the whole solution is coded. The software 

is then tested and debugged, before being installed for users to employ. Like many SD projects, software 

solutions produced with that process often took too long, cost too much, and delivered uncertain value 

(Fowler, 2001). It has since been superseded by incremental and adaptive “agile” methods, in which user 
engagement is paramount, and achieved by continuous delivery of working software. Other principles 

include close collaboration with knowledgeable individuals, rather than set-piece reviews with large 

groups of stakeholders, welcoming changed requirements driven by learning as the software evolves, 

simplicity (maximising  the amount of work not done), and technical excellence – building in quality 

from the start, rather than testing and debugging at the end (Abrahamsson, Salo, Ronkainen and Warsta, 

2002). 

 These features and benefits of the agile process can be mirrored in the building of system dynamics 

models, an aspiration that is actually facilitated by the basic principles of the method’s underlying 
science: 

 

1. We seek to explain, anticipate and improve how outcomes of concern change over time. 

2. Those outcomes arise at any point in time directly from the quantity of accumulating stocks 

(except where the outcome of concern is itself a stock). The behaviour over time of such outcomes 

therefore depend directly on the behaviour over time of the stocks on which they depend (plus 

any changes caused by exogenous factors or actors in the system). 

3. The quantity of any accumulating stock depends, exclusively and absolutely, on all previous 

values of their associated flow rates. 

4. Those flow rates depend at each point of time on existing stock quantities, decisions of human 

actors, and/or exogenous factors. 

 

Items 3 and 4 together create interdependence and thus feedback, but that feedback is a consequence 

of the underlying principles, not in itself one of those principles. The logical progression of these 

principles helpfully provides the basis for an agile approach to SD modelling (Figure 2). Each step is 

taken directly with concerned stakeholders in a matter of hours. Starting from the time-chart[s] of 

outcome behaviour, a causal diagram and working model are built out incrementally. 

A first pass through this process will likely leave unresolved questions, but can be re-iterated in 

collaboration with individuals or small groups who have particular knowledge of specific parts of the 

system. The following paragraphs describe the procedure by following a simple case, chosen to most 

clearly demonstrate the principles of the method. An extended paper at http://sdl.re/AgileSD sets out the 

entire sequence of diagrams and models developed with the client for this case. 
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Step 1 is exactly the same as in the standard process – draw a time-chart(s) of the issue(s) of concern, 

including relevant history and likely future. The time-chart must have a scale on it and the chart’s line 
must reflect at least an estimate of how the performance indicator (call it ‘A’) has been changing. 
Clarifying if this chart is for a stock or something that depends on a stock must be done at this point, 

because it determines whether to do step 2 or jump straight to step 3. Figure 3 shows the time-charts 

sketched by the case-CEO for the problem he described. 

 

In step 2, the direct explanation for the outcome variable’s values is identified, which must include 
one or more stocks (unless the outcome of concern is itself a stock, in which case step 2 is unnecessary). 

This is often a simple calculation from two or more other items (call those B and C), although sometimes 

a more complex relationship may be involved. Time-charts are added to those causal factors, to prove that 

the causality is valid. This enquiry is repeated in turn for each of B and C and continues, with values or 

time-charts for every item, until the causal relationships reach one or more of the following items - stocks, 

decisions or exogenous factors. 

Items driving performance outcomes are usually identified within just 2-4 causal steps. Any 

uncertainty in this step is resolved by seeking numerical evidence to support the causal relationships 

involved, by unit-checking, and by developing in parallel a working model that captures the system’s 
behaviour as it is built out. Although the data required to validate these causal pathways from stocks to 

 

Figure 2 An agile model development process 

Case example: A mid-scale IT-support company. The company provides IT support to mid-scale 

businesses …small retail groups, accounting and law firms, construction and transport companies. 

It supports clients’ needs for hardware, software and communications, and employs skilled 
technical staff to do so. After some successful years, the company embarked on a growth effort, 

which initially was successful, but some two years later was facing high rates of client problems, 

and the loss of clients. 

Step 1. How performance is changing over time. CEO comment … 2 years ago we had about 90 

clients, and were doing well, so took on a sales executive to find more new clients. He did that and 

we grew to about 135 clients, but about then we had reports of rising client problems, peaking at 

nearly 3 per month for every client. Staff must fix those problems fast, rather than get on with 

normal client support. We have since lost some long-standing clients and are now down to 115. 

We fear it will take time to reduce the rate of problems, and in the meantime clients will continue 

to be lost. 
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outcomes may not be available, the process can proceed with participants’ plausible estimates, and it is in 
any case somewhat self-validating – if A depends on B and C, then data on A and B implies values for C. 

 

Step 3 of the agile process explains how stock items have behaved over time. That behaviour must 

reflect, and only reflect, how the stocks’ own in- and out-flows have changed over time. By this point, the 

outcomes of concern are entirely and reliably explained by changes to stock quantities, and those changes 

to the stocks are explained by the changes to the flow-rates. 

 

The only remaining question is what has caused the flow-rates to change over time. This is answered 

in step 4 by following the same causal logic of step 2, so every causal chain must originate at one or more 

stocks, decisions or exogenous factors. And once again, every such chain is validated by at least estimated 

values and time-charts for all the items along that chain. 

Interdependencies in the system are automatically captured in step 4, so likely significant feedback 

processes are identified. In contrast to the standard SD process, however, the existence and relevance of 

such loops arise from the evidence, rather than from participants’ speculation. Figure 4 shows the CEO’s 
diagram after steps 2 to 4. 

 

 

Figure 3 The time-charts of concern to the IT- support company 

Step 2. How stocks drive performance. CEO comments … The rising client losses were probably 

due to the pressure of work on our staff. We log the work they, and that increased much more than 

our capacity to do the work. People were working into the night and at weekends. We estimate the 

workload may have reached 160% at the worst point. Although we managed to increase staff for 

the first half of the period, numbers then fell to about 37. The model for this step of the case, 

reflecting the quantified diagram sketched by the CEO, is at sdl.re/m203. 

Step 3. How flows change the quantity of stocks CEO comments … The sales guy was successful 

at first, raising the new client rate from 2 per month to about 7, but he has struggled to keep that 

up and now we are hardly winning any clients at all. Previously, we rarely lost any clients, but 

starting about a year ago, that increased to a peak of 8 a few months back. We are losing fewer 

now. We kept hiring about 2 people per month as before. We previously lost people occasionally, 

but in recent months many more have left. (The corresponding working model for this stage, also 

matching the next stage of the CEO’s quantified sketch, is at http://sdl.re/m302). 

Step 4. What causes the flow-rates. CEO comment … We picked up new clients entirely from the 

sales person’s efforts. Clients told us they were leaving because of the problems that we created, 

and the delays in fixing things that went wrong. It is a nuisance and takes a while to find another 

provider, but if you have had a lot of problems over many months, you will probably take the jump. 

By the time we realised we had a problem, it was too late to bring in more staff - which takes a 

while in any case. The faster staff turnover was inevitable too. People cope with over-work at first, 

but after a while they have had enough and leave, and it’s easy for skilled people to find other 

good jobs. 
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The framework and model are now at a point where decisions to improve performance or solve the 

problem can be taken, and action-plans developed. The solution and action-plan for the IT-support firm 

was to drop clients who were causing disproportionate difficulties, by helping them find alternative 

providers. This quickly killed the work overload, allowing support quality to recover. After a period of 

additional hiring, the firm was able to start growing once again, although now more carefully. This 

“preferred” future can be added to the diagram and tested in the model. Figure 5 plays out one solution 

scenario; see the model at http://sdl.re/m4a03. 

Step 4 may also identify additional stocks, not found in step 2 (although that is not the case for the IT-

support firm). Those additional stocks may not be involved directly in explaining outcome behaviour, but 

are involved in explaining the flow-rates of those resources that do drive behaviour. A company’s product 
range, for example, may not directly feature in explaining profits, but help explain the customer win-rate. 

These additional stocks may include prior stocks and subsequent stocks in aging chains. The only such 

additional stock in the IT- support case is the small number of trainee staff, who take a few months to 

gain experience and become fully productive (see the model at http://sdl.re/m602). 

Critical to this agile process is that both the diagram of the system and the working model develop in 

parallel. Modern software is sufficiently user-friendly that there is no reason to develop the diagram first, 

and follow that with a separate, lengthy procedure to put that representation into a working model. 

Instead, participants can watch the working model emerge before their eyes and participate continually in 

its development. This may even make it unnecessary to carry out white-board diagramming separately. 

The modeler and participants can then continue together to develop the working model in real time. Since 

the model includes recognised data for every element – at least estimated – no abstract or ill-defined items 

can find their way into the model. Quality is thus built into the model from the start, and maintained 

throughout the process (Barlas, 2014). 

The simple case above was chosen to demonstrate most clearly the principles of the agile process for 

SD modeling, but those same principles apply equally to considerably more complex cases. Figure 6 

displays the whole of a model concerning an emerging marine-engineering business. The diagram is too 

 

Figure 4 Interdependence and feedback between clients and staff at the IT-support company 
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detailed to be readable in print, but the model can be inspected at http://sdl.re/BWTS and the case is 

described at http://sdl.re/BWTcase. 

The yellow sector at top left captures the R&D investment in new models of equipment. The grey 

sector below that shows the rate at which agents can be signed-up to promote those models to potential 

ship-owners. The blue areas, show how those agents and the company’s own sales people are able to win 

potential customers among those ship owners and capture equipment orders. The central green area 

allocates sales effort between agent- acquisition, direct customer-acquisition, and order-capture. The 

purple area models the initiation of equipment- production to fulfil those orders and the installation of 

finished equipment in vessels. The lower-right sector works out the main financial results. The upper-

right area is simply a ‘control panel’ pulling together top-level results. 
 

3 CONCLUSION 

The agile procedure deals with most of the challenges found in SD modeling projects. Since participants 

constantly see the need for numerical evidence – if only plausible estimates – they identify entities that 

are well understood. Since they also see the quantitative change in those entities being caused by 

quantitative changes in the factors on which they are believed to depend, they can immediately check that 

the causality is in fact correct. Differences of opinion or understanding do not easily survive this process. 

Actionable insights arise from the start and continue throughout this process. The IT-support case 

above is too simple to demonstrate the importance of this finding, because the mapping and model were 

completed in a matter of hours. In larger cases, discovering, for example, that a sales decline is due to a 

fall in customer numbers rather than lower average purchase rates can allow an immediate change in 

priorities. 

The agile process substantially shortens the time needed to build out the model, because the 

quantitative diagramming and modelling are being done in parallel, and also because data needs are 

identified early and can be fulfilled while other work continues. Time and effort are also drastically 

reduced because the process reduces the need for large-group discussion. The initial diagnosis may be 

carried out with the team who own the problem, rather than engaging all possible stakeholders, although 

others may become involved as the build-out of the model hits issues on which they have knowledge. 

 

Figure 5 An example of a solution test in the IT-support company model 

170

http://sdl.re/BWTS
http://sdl.re/BWTcase


Warren 
 

The only significant risk in the agile process appears to be that the modeling captures the status quo 

of the system’s current functioning. It may therefore limit problem-owners’ attention to possible wider 
solutions and challenges. 
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ABSTRACT 

Craft Brewers are a major SME sector worldwide. These SMEs could benefit from using simulation to improve their 

production. However, simulation is often far too expensive for these small enter-prises. Cloud-based simulation has 

been proposed as a way of making simulation accessible. However, simulation on its own is not enough. This paper 

describes the CraftBrew Whole Brewery Management System that builds on previous work to create a full 

enterprise management system for small brewers.  The paper describes the architecture and discusses how delivery 

route optimization can be implemented to ensure that production plans can be delivered in the most cost-effective 

manner.  

 

Keywords: Cloud-based simulation, Enterprise Management System, Vehicle Routing Problem 
 

1 INTRODUCTION 

Kite, et al. (2015) introduced the concept of using cloud-based simulation to support decision making for 

Craft Brewers, or Microbrewers, a major SME sector in Europe and North America. The motivation is to 

help Craft Brewers to ensure that their products are consumed in an optimum time window. Large-scale 

breweries use discrete-event simulation software to support the delivery of efficient production schedules. 

In the 2015 case study, we demonstrated how cloud-based simulation could provide low cost access to 

simulation using a template approach based on the CloudSME Simulation Platform (Taylor, et al 2014). 

In this paper we give an overview of CraftBrew, the whole brewery management system that we are 

building around the cloud-based simulation approach to support other aspects of the brewing process as 

well as describing how the system optimizes the delivery of products. 
 

2 TOWARDS CLOUD-BASED BREWERY MANAGEMENT 

Figure 1 shows the conceptualization of the CraftBrew Whole Brewery Management System. This 

consists of a web-based frontend, a Business Intelligence Module (BIM), a Process Control Module 

(PCM), a Data Acquisition Module (DAM) and a Data Warehouse. The BIM performs the 

supplier/customer relationship management function and develops profiles for each in order to under-

stand supply/demand profiles across beer product to raw materials. The BIM uses on-demand simulation 

to build production schedules for the PCM that account for variances in consumer and supplier behaviour 

across the supply chain and actual production status. It also has a mobile app that facilitates data capture 
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with consumers. This dynamic forecasting technique can deliver a far more robust production schedule 

than what is currently available (i.e. current systems do not account for stochastic demand/production 

behaviour – the assumption is that brewing takes a standard amount of time per product line and clients 

will take a fixed quantity of beer and consume it over a fixed timeframe). Beer has a best consumption 

window and, factoring this into the production schedule, can be used to drive production and waste 

optimization across multiple product lines. The PCM will monitor actual production (by form-based data 

entry) and will have a quality control function that will monitor, track and alert quality issues. It will also 

have the capability to plan the daily delivery schedule. The PCM will therefore feed into the BIM to 

update actual production behaviour. This will interface with the DAM, a mobile application, to give 

tightly coupled data on the current status of the supply chain and will feed into the BIM and PCM. All 

data will be stored in a cloud-based data warehouse and the overall system will interface with commonly 

used accounting systems in use in the sector (e.g. SAGE).  One critical element of the PCM is the ability 

to efficiently deliver products on the best possible route. The next section discusses how this is 

accomplished and implemented. 

 

3 DELIVERY SCHEDULE OPTIMIZATION 

Small brewers produce products that need delivering to its outlets (e.g. pubs, restaurants, etc.) on a daily 

basis. Poorly planned delivery schedules can be costly. Typically, a craft brewer will take the day delivery 

list, check the vehicles available and try to load the deliveries in the least possible vehicles. All vehicles 

will return to the brewery at the end of the delivery. Sometimes, customers have preferred delivery times. 

This is a typical Vehicle Routing Problem (VRP) with Time Windows (VRPTW) constraints 

(Kallehauge, et al. 2005). VRPTW involves finding a set of routes starting and ending at a depot, in this 

case the brewery. The scheduled deliveries are serviced by the available vehicles and each vehicle load 

cannot exceed its capacity. The time window constraint can be either soft or hard. When time windows 

are hard, they cannot be violated even with a penalty cost. If the vehicle arrives at the delivery site earlier, 

it must wait until the time window opens. Also, the vehicle is not permitted to arrive after the time 

 

Figure 1 CraftBrew Conceptualization 
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windows closes. The objective is to minimize the total distance or the number of vehicles, or a 

combination of both. This in turn translates to cost savings in delivery. 

There are numerous implementations of VRPTW algorithms, some are proprietary and some open 

source. For our system, an open source tool was selected. The selection was based on the language, the 

richness of the implemented algorithms and the lightweight structure. The algorithm solver is based on 

the open source VRP algorithm software called jsprit (https://github.com/graphhopper/jsprit). Jsprit is a 

java based, open source (Apache License v2) tool for solving rich vehicle routing problems. The jsprit-

project is maintained by GraphHopper (https://www.graphhopper.com), a general route planning toolkit. 

The delivery schedule optimizer for our brewery management system is part of the PCM and is 

termed the Load Planner Service (LPS).  It is designed as a web service with a REST API interface. The 

LPS interacts with the PCM to produce an optimized daily delivery schedule. The objective of the LPS 

solver is to find routes with the minimum total distance and travel time as well as to use the least number 

of vehicles possible. One strict condition for the LPS is that all deliveries planned for the day must be 

fulfilled. The LPS can accept as input either the actual daily deliveries from the PCM or the forecasted 

daily deliveries for the cloud-based simulation in JSON format, as shown in Figure 2. The optimized 

daily delivery schedule then is sent to the PCM in JSON format and PCM renders the presentation 

component on a map. 

The interactions between the PCM and the LPS are shown in Figure 3. The process begins when the 

PCM sends a POST request to the LPS (Delivery Module) supplying all the necessary data for the solver 

to execute. For example, the PCM will provide the list of deliveries, available vehicles, etc. Once the 

PCM receives this request, it instantiates a session and generates an session token. This is a Universally 

Unique Identifier (UUID) that is used to identify the session throughout the interactions between the two 

entities. The session token is sent to the PCM in the body of the response to the POST request together 

with the HTTP status 201 to notify the core module that the session has been created. Meanwhile the 

session passes the input parameters to the algorithm solver which runs in the background. 

Once the PCM receives the response that the session has been created, it starts periodical polling to 

the LPS requesting the status of the session. This is a GET request that contains the session token. While 

the algorithm is running, the LPS sends a response with the HTTP status 200 and a ‘running’ message in 
the body. When the algorithm has finished executing, the response status is again HTTP 200 but the 

message changes to ‘complete’. When the PCM receives a ‘complete’ response, then it creates a new 
GET request to the results method and the LPS sends a response with an HTTP status 200 and the results 

in the body of the response.  

If an error occurs during the algorithm execution (Figure 4), then the LPS will notify the PCM in the 

GET response body and terminates the session. The PCM then has to start again a new session with a new 

POST request as described earlier. 

 

 
 

Figure 2 LPS high level interactions 
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The data exchange between the two entities is in JSON format. The results JSON contains i) summary 

information about the daily delivery, such as total  cost, number of routes, etc. and ii) detailed information 

about each load, such as which vehicle is used, the list of customer deliveries in the specific load, distance 

driven, etc. This  information is then used by the PCM for both generating reports and visualizing the 

optimal daily delivery with all routes and waypoints on the map. 

4 SUMMARY 

This case study has described the CraftBrew Whole Brewery Management System and the load planning 

delivery service module.  It is hoped that this will show how cloud-based simulation can form the core of 

an innovative enterprise solution for small manufacturing companies. 
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ABSTRACT 

Hybrid Simulation (HS) seeks to capitalise on the synergies of the combined application of conventional modelling 

approaches like SD, DES and ABS in the model implementation stage of a simulation study. Its objective is to better 

represent the system under scrutiny. Hybrid Systems Modelling (HSM), on the other hand, is the combined 

application of simulation with methods and techniques from disciplines such as Applied Computing, Computer 

Science, Engineering and the wider OR. HSM can be applied to multiple stages of a simulation study, thus being an 

enabler to Hybrid Modelling & Simulation studies. In this paper, we present a classification of HS and extend it to 

include HSM approaches which use simulation with other OR techniques. The paper contributes to the debate on 

what constitutes HS and offers a unifying conceptual representation for mixing simulation approaches with HSM 

methods and techniques.  

 

Keywords: Hybrid Simulation, Hybrid M&S Study, Hybrid Systems Modelling 

1 INTRODUCTION 

A Modelling & Simulation (M&S) study commences with a system that needs further investigation – this 

is usually referred to as the system under scrutiny. This could be, for example, an investigation of a real-

world problem or a consideration for a future system. A conceptual model is then developed and 

validated, followed by implementation of a computer model. In the verification stage, the computer model 

is checked to ensure that it is a good representation of the conceptual model and its implementation is free 

from errors. Experiment scenarios are developed and verified, followed by experimentation. After the 

process of ensuring operational validation, the results of the simulation may be implemented. Figure 1 

illustrates the stages of a typical simulation study and the feedback between stages - adapted from Sargent 

(2011) and Brooks and Robinson (2000). A discussion around M&S study is important as it enables us to 

explore the complementary techniques for problem understanding, problem conceptualisation, 

experimentation, data analysis, etc., and that could be applied to specific stages. Our functional 

definitions (below) for terms used in the paper also refers to certain stages of the M&S study. 

 Conventional Simulation: Application of one simulation technique in implementation / model 

development stage of a simulation study. 

 Hybrid Simulation (HS): Application of two or more individual simulation techniques (e.g., ABS, 

DES, SD, Monte-Carlo Simulation) to implementation / model development stage of a simulation 

study. 

 Hybrid Systems Modelling (HSM): The combined application of simulation with methods and 

techniques from disciplines such as Applied Computing, Computer Science, Systems Engineering 

and OR. The combined application does not necessarily have to be in the implementation / model 
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development stages (as is the case with HS) but could be applied to, for example,  conceptual 

modelling, model verification and validation and experimentation stages. 

 Hybrid M&S Study: Application of HSM to one or more stages of a M&S study. 

 Conventional simulation techniques such as Monte Carlo Simulation (MCS), Discrete-Event 

Simulation (DES), System Dynamics (SD) and Agent-based Simulation (ABS) are in wide use 

(Brailsford et al. 2009; Katsaliaki and Mustafee 2011). Frequently, however, these techniques have been 

applied in isolation one from another, in dissonance with good system practice, (Jackson 2000) which 

stresses the usefulness of hybrid methods to overcome the unavoidable limitations of any single approach. 

The search for the best possible representation and analysis of the system under scrutiny has, then, led to 

an increasing number of studies that combine simulation techniques (e.g., Chahal and Eldabi 2008, 

Chahal and Eldabi 2010, Brailsford, Desai and Viana 2010, Zulkepli, Eldabi, and Mustafee 2012,  

Djanatliev and German 2013, Viana et al. 2014). This is commonly referred to as Hybrid Simulation. 

These combined methods allow application of multiple techniques in the model development / 

implementation stage of a simulation study (Figure 1), thereby enabling synergies across techniques to 

engender improved insights. 

Real world 

problem

Conceptual 

model

Computer 

model

Operational 

Validation
Conceptual Model 

Validation

Model 

Verification

Solution/

understanding

Scenario 

Verification

Hybrid Simulation

(SD, ABS, DES, MCS..)

 
 Figure 1 Stages of a simulation study; adapted from Sargent (2005) and Brooks and Robinson (2000) 

 However, while this is a critically important phase, an M&S study comprises several other well-

defined stages (Maria 1997), for example, problem formulation stage/conceptual modelling (Robinson 

2011), input data analysis, V&V, experimentation and output data analysis. It is, then, appropriate to 

explore the use of multiple techniques in the wider perspective of a study. We, therefore, distinguish 

between hybrid simulation and a hybrid M&S study, the latter referring to studies that apply multiple 

methods and techniques to one or more stages of a simulation study. While a hybrid M&S study provides 

the conceptual framework to consider the constituent stages of a conventional M&S study and explore 

complementary techniques, we refer to the actual application of these techniques together with simulation 

as HSM. Thus, HSM is an enabler to Hybrid M&S Study. 

Figure 2 clarifies the differing scope of hybrid simulation vis-à-vis hybrid M&S. It shows that a 

hybrid M&S simulation study will apply well-defined methods from disciplines outside M&S in one or 

more stages of the study (Quadrant 2; Figure 2). A hybrid M&S study will also be a hybrid simulation 

when multiple simulation techniques have been used in the model implementation stage (Quadrant 1; 

Figure 2). However, implementation of hybrid simulation without the application of inter-disciplinary 

methods in the wider study will disqualify it from being a hybrid M&S study (Quadrant 4; Figure 2). 

Quadrant 3 represents the traditional studies which have used only one modelling technique and which in 

methods from other disciplines have not been used.   
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              Figure 2 Hybrid M&S Study versus Hybrid Simulation (Powell and Mustafee, 2014) 

2 HYBRID SYSTEMS MODELLING: AN ENABLER TO HYBRID M&S STUDY 

HSM extends M&S methodology by combining approaches from across disciplines (including the wider 

OR), thereby adding further value to both the conventional and the HS studies and its application to 

practice. Based on the discipline-specific methods and what it has to offer, this added value gained could 

be mapped to various stages of a simulation study, for example: 

 Problem formulation/Conceptual Modelling: These include studies on systems engineering 

approaches (e.g., SysML: Systems Modeling Language – Eldabi et al. (2010)), problem structuring 

methods (PSM/soft OR)  (e.g., Soft Systems Methodology – Lehaney and Paul (1994, 1996), 

Kotiadis, Tako, and Vasilakis (2014); Group Model Building – Bérard (2010); Qualitative Systems 

Dynamics – Powell and Mustafee (2016) and concepts from information systems (e.g., Issue 

Maps/Issue-Based Information System (IBIS) – Eldabi et al. (2010)). 

 Input Data for Simulation - Mustafee and Bischoff (2013) have combined load plan construction 

heuristics (cutting and packing optimisation) with agent-based simulation; Harper, Mustafee and 

Feeney (2017) have used forecasting with DES. Mustafee et al. (2018) present the Right Hospital-

Right Time  (RH-RT) conceptual framework for the application of descriptive and predictive 

analytics methods/techniques with computer simulation (prescriptive analytics) for the analysis of 

urgent care/A&E wait time data; they discuss the implementation architecture for an A&E model 

(DES) that will use, as inputs, near real-time/Business Intelligence data from the NHSquicker 

platform (H&CIN, 2017a, 2017b) and predictions based on historic data.  

 Model Coding -  Formalisms based on Discrete Event System Specification (DEVS) (e.g., Dynamic 

Structure Discrete Event System Specification (DSDEVS) - Barros 1995) and meta-modelling using 

UML (Traoré 2003) have been used.  

 Experimentation: For faster simulation execution, authors have used techniques from computer 

science, e.g., General-Purpose computing on Graphics Processing Units (GPGPUs) (Perumalla 2006; 

Park and Fishwick 2010), parallel and distributed simulation (Lendermann, Gan, and McGinnis 

2001; Mustafee et al. 2009) and distributed computing solutions like simulation execution over 

desktop grids (Mustafee and Taylor 2009; Taylor et al. 2011). 
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Figure 3 Conceptual representation of a Hybrid M&S study (… denote other methods)  

(Powell and Mustafee, 2016) 

 The discussion above indicates the multi-disciplinary nature of an M&S study. Within the 

overarching framework of a hybrid M&S study, HSM recognises and deploys the use of inter-disciplinary 

methods at various other stages of a simulation study. Figure 3 shows our conceptualisation of a hybrid 

M&S study, identifying some inter-disciplinary methods that have been used (or can potentially be used) 

in specific stages of an M&S study. Our conceptual representation is not exhaustive (indeed not all stages 

of a simulation study are depicted; stages pertaining to input data and output data analysis have been 

combined; model formalism has been introduced as a stage). Figure 3 includes the model development 

stage in the centre and depicts four simulation techniques which can be used either in isolation (as in the 

conventional studies) or can be combined to implement an HS. The techniques are represented in grey 

boxes to distinguish them from non-simulation-centric methods and techniques (in white boxes)  that 

are/can be applied to stages other than simulation model development, such as Model Conceptualization, 

Input Data, Output Data Analysis, Simulation Experimentation and Model Formalism.  

3 UNIFYING HS-HSM CONCEPTUAL REPRESENTATION USING CLASSIFICATION OF 

HYBRID SIMULATION 

The introduction section presents functional definitions for HS and HSM. As the objective of both HS and 

HSM is to best represent the system of interest, we believe that a unifying conceptual framework will 

further clarify the terminologies and put them in perspective and, more importantly, enable exploration of 

synergies between HS and HSM. As HSM methods are inter-disciplinary and span the various stages of a 

hybrid M&S study (Figure 2), and which is unlike HS which mainly concerns with model development / 

implementation stage (Figure 1), a unifying conceptual representation could take several forms (e.g., 

Figure 3). However, with increasing interest in HS and debates around the its definition, scope and 

purpose (Mustafee et al., 2017), it is important  to learn from the current academic discourse and present a 

HS-centric view of HSM. We therefore find it pertinent to lay the foundations of a unifying HS-HSM 

representation using the vocabulary of Operations Research (OR) that most academics and practitioners in 

our field are familiar with. In other words, our unifying conceptual representation will, for now, be 

restricted to a discussion on HS and the HSM methods and techniques that are used in wider OR 

literature. Towards this, we begin by first developing a definition for HS, which will need to align with 
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the historic, albeit infrequent, use of the term (Case 1 below), it should be representative of its present use 

(Case 2) and, ideally, put in place an intellectual scaffolding to support future research (Case 3 and 4). 

 Alignment with the Past (Case 1): In Shantikumar and Sargent (1983), the authors provide a unified 

definition of the combined use of analytical models (defined by them as a set of equations that 

characterize a system/problem entity) with dynamic simulation models. They refer to this as “Hybrid 
Simulation/Analytic Models and Modeling”. The definition of HS should therefore recognise the 

historic use of the term and what this meant.  

 Alignment with Present Practice (Case 2): In academic discourse, much of the recent discussions 

around HS has focused on the combined use of DES/SD/ABS. With DES/ABS being discrete-time and 

SD continuous-time, the definition has gradually gravitated towards the mixed application of 

simulations developed using the two modelling methods. Thus, DES-SD, ABS -SD, and ABS-DES-

SD, all qualify as HS. Most researchers agree that the uptake of model hybridisation has increased 

with the availability of simulation packages which aid the development of such mixed models in a 

single modelling environment.  

 Alignment with Future M&S Research (Case 3): DES, SD and ABS are only a subset of available 

simulation techniques; other approaches include Monte Carlo Simulation (MCS), mesoscopic 

modelling – which places itself between continuous and discrete models (Reggelin and Tolujew 2011), 

simulation of Petri Nets, Computational Fluid Dynamics (CFD), etc. Taking the case of MCS, there 

are studies on the combined it with DES for quantifying supply chain disruption risk (Schmitt and 

Singh 2009), use of ABS and MCS for solving real-world newsvendor problem (Negahban 2013), 

combined application of ABS, Petri Nets and MCS in assessing risks related to runway incursion 

(Stroeve, Blom and Bakker 2013), etc. However, these are often ignored in discussion pertaining to 

Case 2. We believe that the definition of HS should not be restricted to particular techniques but 

instead, allow for the exploration of synergies that could be achieved through assessment of the wider 

range of M&S approaches. Future research should not be restricted only to methods commonly used in 

operations management and allied subjects (by which we mean SD, DES, ABS), but instead 

investigate M&S approaches used in disciplines such as engineering, finance and health economics. 

 Alignment with Broader Range of Operational Research (OR) Techniques (Case 4): Case 1 

presents Shantikumar and Sargent’s (1983) definition of HS/analytical model, which was on the 

combined use of M&S with mathematical programming (equations). However, there exist numerous 

studies that have complemented M&S approaches with a wider array of OR techniques,  

 In laying the basis of what we term as HS, we revisit Mingers and Brocklesby’s (1997) definition of 

paradigm, methodology, technique and tool, and adapt it for hybrid study. This resonates the authors’ 
view that the terms are defined and used mainly for consistency, and, “it must be recognized  that these 
are not claimed to be ‘correct’ in some sense, and that inevitably some latitude will be required in 

applying them across a variety of domains” (Mingers and Brocklesby 1997).  

 Paradigm: We distinguish between qualitative (interpretive, subjective, soft) and quantitative 

(positivist, objective, hard) paradigms; M&S is in the quantitative paradigm. If qualitative approaches 

are used, e.g., in conceptual modelling phase, then it is an example of Multi-Paradigm Hybrid Study. 

As will be seen later, HSM encompasses such studies. 

 Methodology: Methodologies develop within a paradigm and usually embody its philosophical 

assumptions (ibid). In the quantitative paradigm, we distinguish between discrete and continuous 

methodologies. In discrete execution of computer models, the system state changes from one event to 

the next (as in DES) or as per defined time-steps (as can happen in both DEA and ABS). For 

continuous simulation, the change is system state is continuous (as with SD and CFD). A Multi-

Methodology Hybrid Study is one which has both Discrete and Continuous elements, e.g., SD-DES, 

SD-ABS. 

 Technique: Techniques exist within the context of methodologies and have well defined purposes, 

e.g., DES (ibid). We distinguish between techniques such as DES (event list/queuing theory) and ABS 
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(time stepped/emergence) under discrete methodology, and SD (stock and flow) and CFD (numerical 

approach) under continuous methodology. A Multi-Technique Hybrid Study is one which uses two or 

more techniques under the same methodology, e.g., using CFD to model traffic flow (Sun 2011) with 

SD to investigate strategic policy related to transportation at urban level (Shepherd 2014). If follows 

that, a Multi-Methodology, Multi-Technique Hybrid Model is one which uses a combination of 

techniques from both discrete and continuous methodologies, with at least two techniques from either 

of the two techniques. Studies demonstrating the combined application of SD-DES-ABS is an example 

of this. 

 Tool: We define these as M&S packages which can be used to “perform a particular technique” (ibid), 
and more recently, can execute multiple techniques that are classified under one or more 

methodologies. Discussion of the tool is not important for the purposes of our classification scheme. 

Quantitative Paradigm Classification of Hybrid 

Simulation

Classification of Hybrid 

Simulation
Qualitative Paradigm

CFDCFD SDSD

DESDES ABSABS

ForecastingForecasting Game 

Theory

Game 

Theory

Soft Systems 

Methodology

Soft Systems 
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Dynamics
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Other Problem 

Structuring and Soft 
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Other Problem 

Structuring and Soft 
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Systems Model 

Type D.1 - Multi-Paradigm Hybrid 

Systems Model 

 
Figure 4 Unifying HS-HSM Conceptual Representation using Classification of Hybrid Simulation  

(Types A-D) with examples 

 Our definition takes into account, (a) the alignment with four cases identified as being important in 

the context of HS research and practice, and (b) the definitions of paradigm, methodology and techniques. 

However, instead of trying to converge on an all-encompassing meaning of the term, we propose a 

Classification Scheme that represents Four Types of Hybrid Simulation (including HSM), with each Type 

having a functional definition. A classification scheme also has the benefit of being extensible, thus 

allowing the  accommodation of new types of hybrid models that may be realised in the future. Our 

unifying conceptual representation of HS and HSM is this classification of HS.  

The four types of hybrid models (Type A, B, C and D) that we propose are (Figure 4): 

 Type A - Multi-Methodology Hybrid Simulation – Models of these type align with present practice 

(Case 2). There are numerous studies that have used SD-DES and SD-ABS. 

 Type B - Multi-Technique Hybrid Simulation – Although these align with present practice (Case 2, 

e.g., use of ABS-DES models), there is some debate as to whether these could be called as hybrid 

since both techniques conform to discrete methodologies. In our classification, a combined application 

of ABS-DES is Type B hybrid simulation since there are fundamental differences in the execution of 

the simulation logic, and which makes them agreeable to model particular category of problems (top-

down queuing approach versus bottom-up emergence).  

 Type C - Multi-Methodology, Multi-Technique Hybrid Simulation – This aligns with Case 2 

(present practice, e.g., ABS-DES-SD models) and also accommodates future hybrid studies that is 

specific to M&S (Case 3).  

 Type D - Hybrid Systems Model (HSM), includes Multi-Paradigm Hybrid Systems Model – Type 

D is HSM. This aligns with Case 1 and encompasses Shantikumar and Sargent’s (1983) original use of 
HS/analytical model and the four defined Classes of such models. An example of HSM is the 

combined application of mathematical modelling/optimization approaches with simulation models, 

e.g., use of load plan heuristics with ABS (Mustafee and Bischoff 2016) – this is Class I hybrid 
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simulation/analytical model according to Shantikumar and Sargent (1983).  Refer to section 2 for other 

examples. Type D also aligns with Case 4 - the combined use of OR techniques with M&S 

approaches. When Soft OR techniques are used with M&S, e.g., SSM-DES (Kotiadis, Tako, and 

Vasilakis 2014) and QSD-DES (Powell and Mustafee 2016), then we have a special case of Type D 

model with intersecting paradigms. We refer to this as Type D.1 or Multi-Paradigm Hybrid Model. 

Type D and D.1 are referred to as hybrid model (rather than hybrid simulation) since only one 

constituent of the combined model is a simulation model; the other can be a method/technique from 

either Soft (qualitative) or Hard (quantitative) OR and not necessarily related to model execution stage 

of a simulation study. 

4 CONCLUSION 

The last few years have seen an increasing number of papers being published in Hybrid Simulation (HS). 

This is a testament to the wide applicability of the combined use of multiple simulation techniques for 

system representation. Indeed, the Hybrid Simulation track at the Winter Simulation Conference is now 

one of its largest tracks, having made a debut as a full track only in 2014. HS studies are extending M&S 

methodology by presenting a robust comparison of different techniques, through the development of HS 

frameworks (both conceptual and as a guide to practice), model integration artefacts (e.g., software), case 

studies and implementation of multi-methodology, multi-technique, and multi-methodology-multi-

technique HS models (refer to Figure 4). However, as the M&S community embraces HS, we would like 

to emphasise on the opportunities that are made possible by the use of interdisciplinary approaches in 

traditional simulation studies; we use the term Hybrid M&S study to refer to such studies.  

 Hybrid Systems Modelling (HSM), which we see as an enabler to Hybrid M&S studies, is the 

combined application of simulation with approaches from other disciplines. Use of multiple techniques 

does not necessarily have to be in the model development / implementation stage (as is the case with HS) 

but could be applied to other stages like conceptual modelling, input/output data analysis, V&V and 

model experimentation. Irrespective, the objective of both HS and HSM is to better represent the 

underlying system of interest. As such, having a unifying conceptual framework for HS and HSM will 

help provide clarity of definitions and will enable the exploration of the combined use of HS with HSM 

approaches. In this paper we have taken an HS-centric view of our unifying framework; we have 

discussed this using the vocabulary of OR and have restricted the scope to HSM methods and techniques 

that are used in wider OR literature. Our unifying conceptual representation is the classification of HS, 

with models of Type D and Type D.1 specifically referring to HSM applied to both qualitative and 

quantitative OR.  

 A defining characteristic of HSM, vis-à-vis HS, is it reliance on inter-disciplinary research in the 

methodology space. How could such research be effectively realised? We use the term hybrid teams to 

emphasise the need for interdisciplinary M&S groups that bring together problem stakeholders, 

researchers and practitioners. They are essentially composed of individuals specialising in specific fields 

of study or, as in the case of problem stakeholders, having tacit knowledge of the underlying system of 

enquiry. When considered as a whole, such hybrid teams will have recourse to knowledge constructs 

(theories, methodologies, techniques, applications, etc.) that have not traditionally been applied to M&S 

studies. Such teams are arguably better poised to address challenges pertinent with hybrid systems as the 

very constitution of the team allows for opportunities to leverage from the diverse body of knowledge and 

individual expertise and skillsets and make it possible to work towards common end goals.  
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ABSTRACT 

Multiple comparison control (MCC) procedures are used when comparing many different scenarios simultaneously 

and are designed to ensure that sufficient replications are made to keep the probability of making a single type I 

error within reasonable bounds. We focus on simulation studies and present an approach based on bootstrapping to 

assess the variability in the pairwise comparisons between different scenarios. Such methods are particularly useful 

when a large number of scenarios are being compared because in this case, classical MCC procedures tend to 

suggest that an impossibly large number of replications are needed to obtain a significant result. In this paper we 

describe a Python implementation of bootstrapping and apply it to a simple textbook example and a more complex 

real example from health care. 

 

Keywords: Output Analysis; Comparison Procedures; Multiple Comparison Control; Bootstrapping 
 

1 INTRODUCTION 

We consider a situation in which we are comparing a number of alternative scenarios or system designs 

and use replications of a simulation model to evaluate these comparisons. This is a variation of the well-

known multiple comparison problem (MCP), which has been studied extensively in the empirical 

sciences, but needs a slightly different treatment when applied to simulation. In essence, MCP exists 

because we are making statements about several different random events simultaneously. This affects the 

way that we measure confidence in the results, as we discuss in more detail in Section 2.  

 A standard method for multiple comparison control in simulation (MCC) is described in all of the 

best-known simulation textbooks (Banks et al. 1996; Law 2007; Robinson 2004). This makes use of the 

Bonferroni correction to enable a better estimate of the uncertainty in the comparisons and provides a 

conservative estimate of the confidence, particularly when variance reduction techniques such as common 

random numbers are being used. We discussed the potential issues with the standard MCC method in 

(Monks et al. 2016), with the most problematic of these being its impracticality when making 

comparisons between a large number of scenarios. Our argument in the previous paper was that we 

should move away from considering type I errors when setting up procedures for MCC and instead 

consider the rate of false positives.  
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The method we describe here uses bootstrapping, a well-known statistical technique, which we 

introduce in Section 3. Our aim is twofold: to highlight the problem and to introduce a method that is easy 

to use in practical simulation studies. Evidence from simulation practice suggests that most users will 

ignore the MCP and just perform basic comparisons and so we feel that there is scope here for improving 

the analysis of simulation experiments. 

We begin with a brief overview of the MCP in the following section before providing an introduction 

to bootstrapping in Section 3. In Section 4, we introduce the method, which we have implemented in 

Python, before applying this to a real example from health care in Section 5. Finally, we draw some 

conclusions and provide some suggestions for future work. 

2 OVERVIEW OF THE MULTIPLE COMPARISON PROBLEM 

In this section, we give a few more details of the MCP and the statistical theory that it draws on. This 

section is adapted from our previous paper (Monks et al. 2016), but is included here for completeness. 

 Our aim when making comparisons between scenarios is to reduce the probability of making a Type I 

error, where a type I error is defined to be an incorrect rejection of the null hypothesis. For example, when 

simulating the weekly throughput of two competing configurations (scenarios) of a manufacturing line, 

we would make a Type I error if we incorrectly concluded that the two configurations have different 

throughputs when in fact they are the same. In stochastic simulation studies a typical (but not exclusive) 

method of comparison is to construct a 95% confidence interval of the difference between mean 

throughputs of the two scenarios. If the confidence interval does not include zero we would conclude that 

there is a significant difference between the two scenarios. In this instance the probability of making a 

type I error is 5%.  

 At the heart of the classical MCP lies the Familywise Error Rate (FWER). The FWER represents the 

probability of making a single type I error when performing multiple hypothesis tests. If we now consider 

a manufacturing line where we have five competing scenarios, a simple procedure is to simulate each of 

the five scenarios and compare all scenarios against each other in a pairwise fashion. This requires us to 

construct ten simultaneous confidence intervals. As a result of making ten simultaneous hypothesis tests, 

the FWER is inflated and this defines the MCP. The probability of a making a single type I error is given 

by [1].  � �� � � �  ��  � � � � �  �   � = 1 −  1 − � � (1) 

 

The consequence of [1] is that if we perform ten pairwise comparisons using 95% confidence intervals 

then the chance of at least one false positive result is 40%. If we perform 100 comparisons the chance of a 

false positive result is almost certain at 99.4%. Figure 1 illustrates the inflation of the FWER as the 

number of comparisons ranges between one and 100.  

 

  

 
 

Figure 1 FWER inflation as the number of comparisons increases. α= 0.05 
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3 INTRODUCTION TO BOOTSTRAPPING 

Bootstrapping is used to estimate the distribution of statistics calculated from data, e.g. the mean, 

variance, goodness of fit statistics, etc. It works by resampling many times from the data used to calculate 

the original statistic and using each of these bootstrap samples to recalculate the statistic. The distribution 

of these bootstrapped statistics provides an estimate of the distribution of the original statistic. 

Bootstrapping is well-known within mathematical statistics and a useful introductory text would be Efron 

and Tibshirani (1994) or Cheng (2017). For a text more suited to simulation output analysis, we would 

recommend Cheng and Currie (2009). 

To understand why bootstrapping works, we need the Fundamental Theorem of Sampling, which 

states that as the size of a random sample tends to infinity, the empirical distribution function (EDF) of 

the sample will tend to the cumulative distribution function (CDF) of the distribution that the sample is 

drawn from. This means that if we could keep sampling from the basic process that generated the data 

used to calculate our original statistic, the distribution of those sampled statistics would tend to the true 

underlying distribution of the statistic. Acknowledging that it is usually impossible or time-consuming to 

continue to sample from the basic process, we instead sample from the next best thing, the EDF of the 

original data. 

Let y = (y1, y2, …, yn) be the vector of data used to calculate a statistic of interest T. In order to 

determine the distribution of T, we follow the bootstrap procedure given below. In essence, in each 

iteration b b = 1, …, B, we resample from the original data to give a vector of data points yb* of the same 

length n as the original data. For each of these resampled data sets we calculate the statistic Tb*. The 

distribution of the B values Tb*, b = 1, …, B, approximates the distribution of the statistic of interest T. 

(Note the * is typically used to denote a bootstrap sample) 

 
Algorithm 1 Pseudocode for the simple bootstrap routine 

For b = 1 to B 

 For i = 1 to I 

 Sample an integer j in the range [1,I] and set yb*(i) = y(j) 

Next iCalculate Tb* = T(yb*) 

Next b 

  

In the case of MCB, we are interested in pairwise comparisons of scenarios (or system configurations) 

and the simple bootstrap approach given in Algorithm 1 is adapted to provide us with different statistics. 

We now have Ik observations, yk of each scenario k = 1, …, K from the simulation model, where the Ik 

may be different for different k.  

 We consider three different ways of describing the results, focusing on methods in which we compare 

the average output of each scenario:  

1. Pairwise Percentage: for each pair of scenarios, this outputs a matrix showing the percentage of 

bootstrap iterations in which the first scenario is better than the second. This is discussed in 

(Cheng and Currie, 2009) and provides a straightforward, easily understood estimate of the 

certainty of the output when it is impossible to carry out as many replications of the simulation 

model as the Bonferroni correction would suggest. 

2. Ranking by Wins: in each bootstrap iteration, we rank the scenarios in increasing (decreasing if 

finding a maximum) order of output. Following the bootstrapping, we find the percentage of 

iterations in which each scenario is first in the ranked list, i.e., wins. By setting a threshold 

percentage (e.g. 0), this can be a good way of reducing the number of scenarios under 

consideration to a reasonable list.  

3. Top m: similar to the Ranking by Wins statistic, we look at the top m scenarios in a ranked list of 

outputs. Following the bootstrap, for each scenario, we record the percentage of bootstrap 

iterations in which the scenario was within the top m in the ranked list. This is likely to be more 
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robust to variability in the outputs and we hypothesise works well when there are a large number 

of scenarios with similar performance.  
 

Algorithm 2 Pseudocode for the MCB Bootstrap 

Set all Tkl* , Tk*= 0 for k, l = 1, …, K 

For b = 1 to B 

 For k = 1 to K 

 For i = 1 to Ik 

  Sample an integer j in the range [1,Ik] and set ykb*(i) = yk(j) 

 Next i 

Calculate the average of the bootstrap output ŷkb* 

Next k 

If Pairwise Percentage then  

 For k = 1 to K 

  For l = k+1 to K 

   If ŷkb* > ŷlb* then 

    Tkl* = Tkl* + 1 

   End if 

  Next l 

 Next k 

Else if Ranking by Wins then 

 Let k' correspond to the highest value of ŷkb*, k = 1, …, K 

 Tk’* = Tk’* +1 

Else if Top m then 

 Let M be the set of indices corresponding to the highest m values of ŷkb*, k = 1, …, K 

 For k = 1 to K 

  If k is in M then 

   Tk* = Tk* +1 

  End if 

 Next k 

End if 

Next b 

Output Tk* /B or Tkl*/B for k, l = 1, …, K  

 

4 OVERVIEW OF PYTHON IMPLEMENTATION 

An implementation of the bootstrap for multiple comparisons, ‘BootComp’, was developed in Python 3.6. 

Core bootstrap code is written using standard python libraries. Matplotlib 2.1.0 was used for charting data 

and PANDAS 0.19.2 was used for visualisation. It is recommended that users download and install 

Anaconda that bundles Python 3.6 and its most popular Data Science extensions 

(https://www.anaconda.com/download/). A GitHub repository is available online 

(https://github.com/CLAHRCWessex/BootComp). Users unfamiliar with version control or GitHub can 

simply download the repository and de-compress the files. All modules and files within the BootComp 

package are listed in Table 1. The main thread is contained in Bootcomp.py and users are directed here 

first.  
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Table 1 Modules within the BootComp package 

Directory/Filename Description 

BootcompTutorial.ipynb Jupyter notebook containing a tutorial to use the 

framework 

 

Bootcomp.py Contains the main thread of execution 

 

Bootstrap.py Multiple comparison bootstrap routines for simulation 

output analysis. Implemented as a set of simple list 

comprehensions. 

 

BootIO.py Functions to assist reading in, displaying comparison 

results and writing results to file 

 

MCC.py Utility module that contains multiple comparison 

functions e.g. Calculate c the number of pairwise 

comparisons given n scenarios. 

 

ConvFuncs.py Utility modules that contains functions for conversion 

between data types and structures 

 

BasicStatistics.py Functions for efficient calculation of summary 

statistics 

 

Data\mini_scenarios.csv Five example experiments taken from Law (2006, page 

559). Each scenario has 5 replications. 

 

Data\real_scenarios.csv Experiments taken an applied simulation project (n = 

59). Each experiment consists of 20 replications 

4.1 Input data 

Users must specify a Comma Separated Values (CSV) file that contains the simulation output data. The 

variable INPUT_DATA must be set to the correct filename and path. Each column in the input CSV file 

represents a separate simulation experiment (also known as a scenario). Each row represents a replication. 

The number of bootstraps is specified using the variable N_BOOTS. The default number of resamples is 

2000. 

4.2 An illustrative example 

Before we proceed to a large scale practical example, we first illustrate a bootstrap comparison using 

replication data (Data\mini_scenarios.csv within the GitHub repository) from five scenarios found in Law 

(2007; page 559). Table 2 reproduces these values along with the point estimates of the means and 

variances for each of the 5 scenarios. Point estimates of mean differences for the 10 pairwise comparisons 

generated using 5 replications are presented in the first 5x5 matrix in Table 3. The second 5x5 matrix in 

Table 3 presents the proportion of bootstrap samples (boots = 2000) where the mean difference is greater 

than zero. These have been colour-coded to aid interpretation. Green cells indicte that the mean obtained 

in bootstrapping of Scenario j is greater than the mean in the corresponding bootstrapping of Scenario i 

(j>i) in more than 95% of bootstrap iterations while red indicate that j>i in less than 5%. Anything in 

between is coloured in yellow and we can be less certain of the results of these comparisons. Comparing 

these results with the actual means of the options, we can see that the bootstrapping has correctly 

highlighted where there are only small differences in the means of option pairs. 
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Table 2 Replications and point estimates of mean and variability of example 

scenarios (adapted from Law, 2007) 

 Scenario  

Replication 1 2 3 4 5 

1 126.97 118.21 120.77 131.64 141.09 

2 124.31 120.22 129.32 137.07 143.86 

3 126.68 122.45 120.61 129.91 144.30 

4 122.66 122.68 123.65 129.97 141.72 

5 127.23 119.40 127.34 131.08 142.61 

Mean 125.57 120.59 124.34 131.93 142.72 

SD 2.00 1.94 3.90 2.96 1.37 

 

 

Table 3 Results from pairwise comparisons in illustrative example 

Mean difference between scenarios 
 Proportion of bootstrap samples 

where j > i 

i/j 1 2 3 4 5 i/j 1 2 3 4 5 

1 - -4.98 -1.23 6.36 17.15 1 - 0.00 0.34 1.00 1.00 

2 - - 3.75 11.34 22.12 2 1.00 - 0.98 1.00 1.00 

3 - - - 7.60 18.38 3 0.66 0.02 - 1.00 1.00 

4 - - - - 10.78 4 0 0 0 - 1.00 

5 - - - - - 5 0 0 0 0 - 

 

Figure 2 shows the distribution of the differences between scenarios 1 and 3, chosen because the 

bootstrapping method finds it hard to determine which of these scenarios is better. As the first table 

shows, the difference in means between scenarios 1 and 3 is only 1.3, smaller than the standard deviations 

associated with either of the scenarios, and so this result is to be expected. The histogram of differences 

and the empirical distribution function both show that the distribution clearly straddles the zero. With 

more simulation replications, we would expect the estimate of the difference to improve and the 

variability to reduce. 
 

  
Figure 2a. Histogram of bootstrap samples Figure 2b Cumulative distribution of bootstrap mean differences 

 

Figure 2 Bootstrap comparison of Scenario 3 versus scenario 1 
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5 A LARGE SCALE APPLIED EXAMPLE 

5.1 Simulation Model 

Before presenting the results of the bootstrap, we describe the real-world simulation model that generated 

the results. A fuller description of the model can be found in Penn et al. (2018). The discrete-event 

simulation model was used in a project with an NHS clinical commissioning group and community health 

care provider in the South of England in 2017. The project investigated the design of an NHS community 

hospital rehabilitation ward in order minimise delays in the transfer of care of elderly in-patients from a 

large acute hospital. The new rehabilitation ward would be created from the merger of two geographically 

separate wards. NHS England mandate single sex accommodation for patients. To accommodate this rule 

and provide some flexibility, beds within the wards could be put within single rooms or grouped in 

‘bays’. Single rooms are in one sense the most efficient way to improve flow. However, single rooms are 

more expensive to safely staff. Bays of beds offer a good compromise to single rooms in terms of staffing 

costs and patient flow. An empty bay is assigned a gender corresponding the gender of the first patient to 

be admitted. As patients are admitted and discharged from a ward, patients can be moved and the gender 

of the bay ‘flipped’ in order to admit waiting patients. As there are no differences in process times for 

patients in a single room or within a bay, bays are less efficient for flow than single rooms. For example, 

a male patient requiring rehabilitation may not be able to be placed on a rehabilitation ward that has a free 

bed, as the free bed is within a female designated bay. The simulation study, therefore, analysed, the mix 

of single rooms and size/number of bays that were required to keep waiting times for admission low and 

costs acceptable. The main outputs of the model were average waiting time for transfer to rehabilitation 

and the number of patients waiting for transfer at any one time. 

5.2 An initial comparison of all systems 

The model was used to conduct 59 experiments (replications = 20). This results in 1711 pairwise 

comparisons. The results can be found in Data\real_scenarios.csv in the Git repository. There were three 

experimental factors: the number of single rooms and the number and size of bays. The experimental 

design can be found in the Data\experimental_design.xlsm in the Git repository. Comparisons were 

conducted using the bootstrap approach (boots = 2000). 

 

Figure 3 displays the results from the 1711 comparisons. Given the scale of the comparisons, results are 

stored within results\real_comparisons.xls in the GitHub repository. The colour coding can also be 

applied in a Jupyter notebook (see BootcompTutorial.ipynb).  

 

 
 

Figure 3 Rehabilitation model pairwise comparison of experiments (green: mean of obtain in bootstrapping 

Scenario j < the corresponding bootstrapping of Scenario i (j<i) in more than 95% of bootstrap samples; red: j<i in 

less than 5% of bootstrap samples; yellow: j<i in more than 5% but less than 95% of bootstrap samples)  
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5.3 Ranking the systems 

The scale of the all pairwise comparison of systems make interpretation difficult even with the colour 

coding. Here we use the two ranking procedures for eliminating poorly performing systems and 

identifying the most promising solutions.  

5.3.1 Ranking by wins 

The first procedure calculates the proportion of resamples where a system is the ‘best’ out of all scenarios. 

In the example we are attempting to minimise waiting time and therefore the ‘best’ is the system with the 
lowest average waiting time across the each resample. Figure 4a reports the results of the ranking for the 

22 of the 59 systems that ranked top in at least one of the bootstrap resamples. All other systems are 

discarded. An analyst may take note of the following findings. Firstly, systems 33, 43, 31, 56 and 42 

come top notably less than others. Only 11 systems come top in greater than 100 of the 2000 bootstrap 

resamples. This suggests that there is a large amount of variability in the data and selecting a system 

based on how many times it comes top is not a robust approach. 

  
Figure 4a. Ranking by wins  Figure 4b. Top 5 systems 

 

Figure 4 Ranking procedure results (bootstraps = 2000) 

  

5.3.2 Top m 

Our alternative procedure is to consider the proportion of resamples where the system j is in the best m 

systems; where m is parameter set by the analyst (in fact our previous example is an extreme case where 

system j is in the top 1 systems). For example, an analyst might be interested in the top 5 systems. Figure 

4b illustrates the results of this procedure. Note that any systems that never feature in the top 5 systems 

are discarded. The frequencies in the top m analysis are more useful for selecting a subset of systems to 

analyse. There were 13 scenarios that were in the top 5 systems in 500 of the 2000 bootstrap samples 

(25%).  

5.4 Multiple comparisons using the selected subset 

Figure 5 reports the results of the pairwise comparison of the 13 systems that are in that in the set of top 5 

systems for at least 500 of the 2000 bootstraps. Note that all cells are coloured yellow, as there are no 

systems that are consistently better or worse than the others. The results show that we would be relatively 

indifferent between these systems if choosing only in terms of patient waiting times.  

6 CONCLUSION 

In many practical applied studies, decision-makers are interested in a range of different scenarios, not 

simply the best and, in these cases, using MCC rather than simulation optimization becomes more 
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attractive as the experimentation helps to learn about all of the scenarios rather than simply determining 

which is best. This helps to avoid the difficult situation in which an experimenter announces the optimal 

solution only to be told that it is no longer feasible but is unable to indicate which comes next in the list. It 

also enables a better understanding of the trade-offs between groups of scenarios and identification of 

which it might be fruitful to investigate further. 
 

 
 

Figure 6 Final pairwise comparison results for rehabilitation model 

 

Bootstrapping is simple to code and we describe a Python implementation here that we have made 

publicly available to aid with MCC. We hope that this, combined with the suggestion of colour-coding 

the output matrix, can help to quickly identify promising groups of scenarios for further testing. Using a 

non-parametric bootstrap method, as described here, also avoids any assumptions about the distribution of 

outputs that can be needed for estimating confidence intervals. 

In future work we hope to refine the method and extend it to situations where the technique of 

Common Random Numbers (CRN) is used to reduce the variability in the comparisons. The idea behind 

CRN is that we compare scenarios under similar conditions as this will reduce variability, using the same 

random numbers in the simulations of the scenarios being compared. (See Law, 2007 for more details of 

the technique). In the examples considered here, we would carry out a comparison between scenarios for 

each replication of the simulation model.  

We expect the Friedman test (Friedman 1937, 1940) to be a potential candidate for deriving useful 

statistics in this case. The Friedman test is a non-parametric test that has a similar aim to ANOVA and 

compares the average rank of scenarios in a series of comparisons. Being non-parametric it avoids the 

rather restrictive assumptions of the ANOVA test that the variances associated with each scenario are 

similar and the output follows a normal distribution. A test statistic can be calculated to determine 

whether there is a statistically significant difference in performance between the different scenarios. In 

this case, the test statistic would be calculated for the original data and bootstrapping used to assess its 

significance. This works in a similar way to the calculation of Goodness of Fit tests via bootstrapping 

(e.g. see Cheng and Currie, 2009). One caveat with this method is that it only indicates whether there are 

significant differences and not which of the differences are significant. Demsar (2006) suggests post-

processing of results to determine which are significant, if the Friedman test suggests this is worthwhile, 

including use of the Bonferroni correction to control the family wise error rate. We are reasonably 

confident that bootstrapping could work well here instead and intend to look at this in more detail in 

future work.  
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There is also a need for more extensive tests to determine how well the methods introduced here work 

on a wider range of examples.  
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ABSTRACT 

In 2007 the Journal of Simulation ran what I believe was the first ever journal issue dedicated to the topic of 

conceptual modelling for discrete-event simulation. The editorial for that issue reported on a 2006 meeting of 

conceptual modelling researchers and highlighted a set of research themes in conceptual modelling. Just over ten 

years since that special issue this paper reviews the progress that has been made in conceptual modelling research 

through a review of the literature on the topic. There has been significant activity on some research themes, 

especially conceptual modelling frameworks and representation. There remain, however, many underexplored and 

unexplored themes. A number of themes, not anticipated in 2006, have also emerged in the last ten years. There is 

much more work to be done in conceptual modelling research and a need to link more closely with practice.  

 

Keywords: Discrete-Event Simulation, Conceptual Modelling, Literature Review 
 

1 INTRODUCTION 

In 2007 the Journal of Simulation ran a special issue on conceptual modelling. To the best of our 

knowledge this was the first special issue in any journal dedicated to this topic. The issue included six 

papers from authors who were leading research in the field. The editorial to the special issue argued that 

conceptual modelling is the most vital part of a simulation study, ensuring that a model is built at the right 

level of detail (Robinson, 2007). It also argued that conceptual modelling is the most difficult part of the 

process of developing and using a simulation model. Meanwhile, at the time there were only limited signs 

of research activity in conceptual modelling and with that, only a limited literature on the topic. The 

editorial did, however, suggest that this was starting to change and that greater signs of activity were 

starting to emerge.  

The editorial describes a meeting of conceptual modelling researchers which took place in March 

2006 (‘2006 Conceptual Modelling Group’). The participants of this meeting all subsequently contributed 

to the Journal of Simulation special issue. The outcome of this one-day meeting was a set of research 

themes for conceptual modelling split between themes in the problem/modelling objectives domain and 

themes in the model domain categories. The list of research themes is reproduced in table 1. The topics 

identified were seen as a list of potential research areas required to move the field of conceptual 

modelling forward. The focus of those discussions was on conceptual modelling for discrete-event 

simulation. 
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Table 1 Research Themes for Conceptual Modelling (Robinson, 2007) 

 

The problem/modelling objectives domain The model domain 

Use of ‘Soft OR’* as a basis for determining a 
simulation conceptual model. 

How best to work with subject matter experts in 

forming a conceptual model. 

How to organise and structure the knowledge 

gained during conceptual modelling. 

Alternative sources of contextual 

data/information for conceptual modelling, 

including paper, interview and electronic 

sources. 

Developing curricula to include conceptual 

modelling in university and industry courses 

on simulation. 

 

Identifying dimensions for determining the 

performance of a conceptual model. 

Comparing different models in the same problem 

domain. 

Studying expert modellers to understand how they 

form conceptual models. 

How software engineering techniques might aid 

simulation conceptual modelling. 

Adopting/developing appropriate model 

representation methods. 

Exploring methods of model simplification. 

Identifying, adapting and developing conceptual 

modelling frameworks. 

Refining models through agreement between the 

modeller and stakeholders – ‘convergent 
design’. 

Exploring the creative aspects of modelling. 

Understanding the organisational diffusion and 

acceptance of models. 

Investigating the impact of other modelling tasks 

on the conceptual model (iteration in the 

simulation life-cycle). 

Understanding the effect of throw away models 

versus models with longevity – e.g. the time 

spent on conceptual modelling, documentation 

and organisational diffusion. 

* Soft OR (Operational Research) refers to a set of qualitative methodologies that support the 

structuring of complex real world problems. For further details see Rosenhead and Mingers (2001). 

 

Now, just over ten years later, it would be useful to review what progress has been made in 

developing the field of conceptual modelling for simulation. That is the purpose of this paper. Our aim is 

to understand whether the field has moved forward in the last ten years and the extent to which the 

research themes identified in 2007 have been addressed. To achieve this we perform a review of the 

literature from 2007 to early 2017. As with the 2006 meeting, our focus is on conceptual modelling for 

discrete-event simulation. The paper is set out as follows. In the next section we describe the approach to 

the literature search. The results from the literature review are then presented and discussed before 

summarising with the main conclusions from the review. 

I will not attempt to provide a detailed discussion on the nature and definition of conceptual 

modelling here, other than to say that it relates to the abstraction of a simulation model from the real 

world system that is being modelled. Because the simulation model is not a complete representation of the 

real world, conceptual modelling entails some element of simplification. More detailed discussions on the 

definition of conceptual modelling are provided in the literature referred to in this paper, but there is by 

no means full agreement. For a useful starting point, which identifies a range of opinions, I refer the 

reader to the panel discussion that took place at the 2015 Winter Simulation Conference (Robinson et al, 

2015). 
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2 A REVIEW OF LITERATURE ON CONCEPTUAL MODELLING (2007-2017) 

In order to identify literature published on conceptual modelling for discrete-event simulation in the last 

ten years and the themes that are addressed, an initial search was made for the ‘conceptual model 
simulation’ in the Web of Science database. For the years 2007 to 2017 this identified 5,047 publications. 

The search was further refined by narrowing the topic categories to health care sciences services, 

computer science interdisciplinary applications, business or management, computer science theory 

methods, operations research management science, computer science information systems, engineering 

industrial, engineering manufacturing, and computer science software engineering. This reduced the 

publications to 1,116. The search was carried out in July 2017. 

Following the automatic search, the publications were filtered manually, initially using the 

publications title to determine if the work represented research or practice in simulation conceptual 

modelling. Of course, many publications had each of the three words ‘conceptual’, ‘model’ and 
‘simulation’, but they did not necessarily involve a coherent discussion on conceptual modelling for 
simulation. Following this filtering process, the number of publications was reduced to 152.  

A final stage of manual filtering was carried out by reading the abstracts of the publications and 

where further information was required, by inspecting the full publication. Each publication was 

categorised according to the research theme in table 1 that it addresses. The aim was to identify the 

primary research theme that is addressed by the publication, but some works clearly addressed multiple 

themes at a significant level. Therefore, some articles were identified as addressing multiple themes. It 

was also clear that some of the publications addressed themes that were not identified by the 2006 

Conceptual Modelling Group; these were categorised according to new themes that emerged during the 

categorisation (e.g. conceptual modelling case studies, automated code generation). During the filtering 

process, further publications were identified as not being relevant (e.g. they addressed conceptual 

modelling for system dynamics, agent based models or simulation games) and so they were removed. The 

final count of categorised publications found in the Web of Science was 109. 

The Web of Science did not identify the six papers in the 2007 special issue of the Journal of 

Simulation, so these were added manually. Nor were the 18 chapters in the 2011 edited book on 

conceptual modelling (Robinson et al, 2011) found by the Web of Science. These were also added to the 

categorisation, giving a total of 133 publications on conceptual modelling for discrete-event simulation in 

the period 2007 to 2017. The full categorisation of the identified publications is available on request. 

Before discussing the results and findings from the review, it should be noted that no attempt has 

been made to filter out work that is essentially published more than once (e.g. as a conference paper, 

journal paper or book chapter), or that is only incremental and so secondary publications offer little in 

terms of new contributions to the field. Examples are Robinson’s Winter Simulation Conference 
introductory tutorial which has been presented on four occasions and Onggo’s work on model 
representation that appears in the Journal of Simulation in 2009 and then as a book chapter in 2011. As 

such, there is some bias in the analysis of publication counts by author, date and research theme if these 

were to be interpreted as unique contributions. As a measure of activity and interest by authors, on 

themes, over time, then inclusion of repeat and incremental contributions could be seen to provide an 

unbiased measure.  

 

3 RESULTS FROM LITERATURE SEARCH 

In order to understand whether the conceptual modelling field has moved forward and the extent to which 

the research themes identified in table 1 have been addressed, the results from the literature search are 

presented in five ways. First we review a timeline showing the volume of publications by year, then we 

identify the key authors in the field and the most highly cited publications, fourth we determine the 

volume of work carried out for each research theme, and finally we identify new research themes that 

were not identified by the 2006 Conceptual Modelling Group. 
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3.1 Timeline of Conceptual Modelling Publications 

Figure 1 presents the number of publications on conceptual modelling identified in the literature search in 

each year from 2007 to 2017. The 2017 figure is for only part of the year. The peak in 2011 is a result of 

the publication of the edited book on conceptual modelling, without which the number of conceptual 

modelling outputs would have been 18 fewer, that is, nine. Similarly, the 2007 figure includes the six 

papers from the Journal of Simulation special issue. Excluding the 2017 part year data, the mean number 

of articles per year has been 13.2. If the special issue and book chapters are excluded from the analysis, 

the mean reduces to 10.8. 

 
Figure 1 Publications on Conceptual Modelling by Year 

 

It is difficult to see any particular pattern in the timeline data. Certainly, there is no clear trend in the 

volume of publications. Had it not been for 2015, which has the highest number of independent 

publications (i.e. no special issues or books), there might be a concern that there is a downward trend. 

Indeed, ignoring the 2017 data, there is a small downward trend of 0.18 publications per annum from 

2007 to 2016. However, if the publications from the special issue and conceptual modelling book are 

removed, this becomes a slight upward trend of 0.25 publications per annum. We might conclude that 

there is effectively no trend in the data. 

3.2 Key Authors on Conceptual Modelling 

Table 2 shows that there are nine authors who have published five or more articles during the ten year 

period under review. Four of these were members of the 2006 Conceptual Modelling Group: Robinson, 

van der Zee, Kotiadis and Brooks. Of the others, Tolk led a research group with an interest in conceptual 

modelling at Old Dominion University and now continues that interest while working for MITRE who 

provide modelling and simulation expertise for the US Government. Tako has worked with both Kotiadis 

and Robinson on conceptual modelling research. Guizzardi’s five publications are all with Wagner. 
Meanwhile, Montevechi has generated an independent stream of work from his research group at the 

Federal University of Itajubá, Brasil. 
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Table 2 Leading Authors in Conceptual Modelling since 2007 

 

Author 
Number of publications 

since 2007 

Robinson, S. 

Tolk, A. 

van der Zee, D-J. 

Kotiadis, K. 

Tako, A.A. 

Wagner, G. 

Brooks, R.J. 

Guizzardi, G. 

Montevechi, J.A.B. 

14 

12 

10 

9 

6 

6 

5 

5 

5 

 

These authors come from a range of disciplines. Robinson, Kotiadis, Tako and Brooks are all 

operational researchers and work in business/management schools. Similarly, van der Zee works in a 

faculty of economics and business and focuses on industrial engineering, operations research and 

operations management. Tolk’s academic background is in engineering management and systems 

engineering, Wagner works in an Institute of Informatics and Guizzardi in a computer science 

department. Montevechi is an industrial engineer. These different disciplines are represented in the range 

of perspectives these authors bring to the topic of conceptual modelling. 

3.3 Most Cited Publications 

For the 133 shortlisted conceptual modelling publications, table 3 identifies those that have received 11 or 

more citations according to the Web of Science (search performed July 2017). This list contains many of 

the authors identified above as the most prolific writers on this theme, but it is notable that some different 

researchers appear: Cetinkaya et al, Onggo, Balci and McGinnis et al. Note that the paper by Turnitsa was 

published with Tolk. 

 
Table 3 Most Cited Publications (Citation Count from Web of Science, July 2017) 

 

Publication Citations 

Robinson (2008a) 90 

Robinson (2008b) 39 

Cetinkaya et al (2011) 18 

Montevechi et al (2010) 18 

Onggo (2009) 16 

Balci et al (2011) 14 

Tako et al (2010) 12 

Guizzardi and Wagner (2010) 12 

Balci et al (2008) 12 

Robinson (2013) 11 

McGinnis et al (2011) 11 

Turnitsa et al (2010) 11 

3.4 Work Carried out on Each Research Theme 

Table 4 identifies all the research themes listed by the 2006 Conceptual Modelling Group for which 

subsequent publications have been identified, and the number of publications for each theme. The new 

themes identified during the categorisation also appear in this list.  
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Table 4 Frequency with which Themes have been Studied 
 

Category Theme Publications 

The model domain 
Identifying, adapting and developing 

conceptual modelling frameworks 
32 

The model domain 
Adopting/developing appropriate model 

representation methods 
30 

New theme 
Conceptual modelling and model reuse, 

interoperability and composability 
13 

New theme Concepts of conceptual modelling 13 

The problem/ 

objectives domain 

How to organise and structure the 

knowledge gained during conceptual 

modelling 

12 

The problem/ 

objectives domain 

Use of ‘Soft OR’ as a basis for 
determining a simulation conceptual 

model 

11 

The model domain 

How software engineering techniques 

might aid simulation conceptual 

modelling 

11 

New theme 
Conceptual modelling and model 

validation 
10 

New theme Automated code generation 8 

New theme Domain specific conceptual modelling 8 

The model domain 
Identifying dimensions for determining 

the performance of a conceptual model 
7 

The model domain Studying expert modellers to understand 

how they form conceptual models 

4 

The problem/ 

objectives domain 

Developing curricula to include 

conceptual modelling in university and 

industry courses on simulation 

4 

The problem/ 

objectives domain 

How best to work with subject matter 

experts in forming a conceptual model 

4 

New theme Conceptual modelling case studies 3 

The model domain Exploring methods of model 

simplification 

2 

 

It is very clear that the primary focus of the research carried out in the last ten years has been on 

conceptual modelling frameworks and methods of representing conceptual models. Moderate attention 

has been given to model reuse, the conceptual foundations, organising knowledge, use of ‘Soft OR’ and 
software engineering, and model validation in relation to conceptual modelling. Other themes have 

received only limited attention, whilst the following themes have not been studied at all in the literature 

that has been identified: 

 

 Alternative sources of contextual data/information for conceptual modelling, including paper, 

interview and electronic sources 

 Comparing different models in the same problem domain 

 Refining models through agreement between the modeller and stakeholders – ‘convergent design’ 
 Exploring the creative aspects of modelling 

 Understanding the organisational diffusion and acceptance of models 
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 Investigating the impact of other modelling tasks on the conceptual model (iteration in the simulation 

life-cycle) 

 Understanding the effect of throw away models versus models with longevity – e.g. the time spent on 

conceptual modelling, documentation and organisational diffusion 

 

These all belong in the model domain category with the exception of the first bullet that is in the 

problem/modelling objectives domain. 

3.5 New Research Themes 

As noted above, during the categorisation of the publications with respect to research themes, a number of 

new themes were identified. These are as follows: 

 

 Conceptual modelling and model validation 

 Automated code generation 

 Conceptual modelling case studies 

 Domain specific conceptual modelling 

 Concepts of Conceptual Modelling 

 Conceptual modelling and model reuse, interoperability and composability 

 

The number of publications for each of these themes is noted in table 4. 

 

4 DISCUSSION 

With the more than ten years that has lapsed since the 2006 Conceptual Modelling Group identified a 

series of research themes and activities to develop the field of conceptual modelling, our aim in this paper 

is to understand whether the field of conceptual modelling has moved forward and the extent to which the 

research themes identified in Robinson (2007) have been addressed. We have looked at this from the 

perspective of the literature that has been published on conceptual modelling for discrete-event simulation 

since 2007. 

Data on the volume of work being carried out, as determined by the number of publications per year, 

is a little disappointing. There has been no clear upward trend in publications, suggesting a field that 

could be described as ‘not growing’. Of course, publication volume does not tell the whole story and what 

we have not attempted to measure is the quality of work over time or the extent to which research themes 

are actually being addressed. A steady rate of publication may signify steady progress that might itself be 

significant progress towards addressing the issues in the field. Alongside the volume of publications, the 

citation data points to a reasonable level of activity, including citations from a broader corpus of literature 

that is outside the immediate field of conceptual modelling for discrete-event simulation. The top 12 most 

cited publications average 12 citations, with the most cited having been referenced 90 times. 

It is encouraging that authors are coming from a broad range of backgrounds, among them business, 

operational research, systems engineering, industrial engineering and computer science. The drawing 

together of different perspectives probably gives the greatest chance of addressing the complex technical, 

socio-technical and managerial issues involved in conceptual modelling. 

The detailed review of which themes have been addressed by the literature in the last ten years 

highlights a strong focus on conceptual modelling frameworks and representing conceptual models. Much 

less attention has been given to other themes, with some that have not been investigated at all. The 

original discussions by the 2006 Conceptual Modelling Group made no attempt to prioritise the themes. 

The emergence of priority, or at least preferred, research themes is interesting, and it is encouraging to see 

the volume of work being carried out on frameworks and representation. The literature review also 

revealed six themes that were not anticipated by the 2006 Conceptual Modelling Group.  
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Looking to the future, the historic volume of activity suggests where further work should possibly be 

most concentrated, that is, conceptual modelling frameworks and representing conceptual models. These 

two areas clearly have strong practical relevance and as yet there are no standard approaches. Indeed, this 

is probably why they have most caught the imagination of researchers. In terms of those areas that have 

received little or no attention, these are either ripe for developing a stream of research or could be seen as 

of low priority, possibly being removed from the list of research themes altogether. To determine the 

prioritisation of research themes, it would make sense for this to be done by the practitioner community 

who should ultimately be the consumers of the research; see comment below about collaboration between 

academe and practice. 

So, in answer to the questions posed by this paper, we can say that the field of conceptual modelling 

has moved forward in the last ten years. We can also say that significant effort has gone into developing 

conceptual modelling frameworks and conceptual model representation methods. Alongside this, work 

has been carried out on many, but not all, of the themes identified by the 2006 Conceptual Modelling 

Group, and new themes have emerged over the last ten years. This surely represents progress, but the fact 

that today no agreed framework for conceptual modelling exists and there is no standard way of 

representing conceptual models suggests there is much room for further work on these, the most studied, 

themes. Not that a single standard is necessarily the ultimate aim. The more limited work on other themes 

also suggests more work is needed. Research on conceptual modelling is not done yet, indeed, it has 

probably only just started. 

The results and findings described above are, of course, subject to some limitations. The literature 

review was derived from the Web of Science, which is selective in the literature it reports. More 

conceptual modelling work no doubt exists in a wider academic literature and in practitioner based 

documents. In defence of the approach used in this paper, the Web of Science reports on ‘quality’ 
academic outputs and so assures some level of credibility of the work reported.  

A further limitation is that interpretation of the research theme addressed by a publication is 

subjective. There would almost certainly be some variance in the classification of publications if they 

were derived by a different researcher. However, potential misclassification is largely mitigated by the 

aggregation of publications by research theme; variance in the total publications classified by different 

researchers for each theme is unlikely to be large. Meanwhile, the lack of account for repeat publications 

is similarly likely to have a limited affect given the low volume of such publications, the aggregation by 

theme, and the focus on activity and interest in each theme rather than the uniqueness of the contribution. 

Finally, volume of publications has been used as a proxy measure for progress. We have not 

attempted to measure the quality or contribution of a publication. In this respect, restricting the literature 

search to use of the Web of Science assures some level of quality. Assessing the progress made by each 

publication would be an altogether more complex and subjective task. 

 

5 CONCLUSION 

In this paper we have reviewed progress in the field of conceptual modelling for discrete-event simulation 

over the last ten years. Our aim has been to understand whether the field has moved forward and the 

extent to which the research themes identified in 2007 have been addressed. From our review of the 

literature from 2007 to 2017 we reach the following conclusions: 

 

 There has been progress in conceptual modelling with 133 publications identified in the ten year 

period, but activity has been fairly constant with no obvious increase over time.  

 Conceptual modelling researchers come from a range of core fields, among them: business, 

operational research, systems engineering, industrial engineering and computer science. 

 The most active researchers in conceptual modelling come from four core groups: the 2006 

Conceptual Modelling Group, and groups led by Tolk, Guizzardi and Wagner, and Montevechi. 
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 Research has primarily focused on conceptual modelling frameworks and conceptual model 

representation. 

 A number of research themes identified by the 2006 Conceptual Modelling Group have not been 

addressed at all in the last ten years. 

 New themes, not anticipated by the 2006 Conceptual Modelling Group, have emerged. 

 

The 2006 Conceptual Modelling Group was very keen that simulation practitioners are involved in 

research and development around conceptual modelling. We have found very little evidence of 

collaboration between academe and practice. Indeed, only three of the publications identified in the 

literature review were classified as case studies. It appears that there remains a need for research in 

conceptual modelling to link with practice. 

In summary, progress is being made, but there is still lots to do. Conceptual modelling for discrete-

event simulation remains a field ripe for on-going research.  
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ABSTRACT 

Modern computational science is gripped by a reproducibility crisis. This means that the benefits of computational 

research are hard if not impossible to realise. The field of computer simulation is not immune to this crisis. The 

complexity of simulation models leads to difficulties in reporting the internal logic and data to an extent where it is 

often difficult to reproduce the model and its results. We describe the reproducibility crisis and introduce the 

Strengthening The Reporting of Empirical Simulation Studies (STRESS) guidelines; a standardised checklist 

approach to improve the reporting of discrete-event simulation, system dynamics and agent-based simulation 

models. We argue that STRESS provides a partial solution to the reproducibility crisis in computer simulation.  

 

Keywords: Simulation; Reporting; Reproducibility; DES; SD; ABS 

1 INTRODUCTION 

There is mounting evidence that the reproducibility of complex science is questionable. A recent survey 

in Nature suggests that around 50% of scientists believe there is a substantial reproducibility ‘crisis’ 
(Baker 2016). Within our own Operational Research and Management Science (ORMS) paradigm several 

authors have investigated the reproducibility of research. This has ranged from detailed reviews of 

published models (Rahmandad and Sterman 2012; Janssen 2017) to tasking teams to reproduce model 

results (Boylan et al. 2015). Results support the notion that ORMS and computer simulation are part of 

the crisis. The good news is that there are encouraging signs that the simulation community is beginning 

to take reproducibility seriously. For example, the journal ACM Transactions on Modelling and 

Computer Simulation now provides an optional reproducibility review for submitted models. However, 

such schemes are still in their infancy with much to be proved in terms of sustainability and uptake.  
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 In this paper we argue that reproducibility in computer simulation is a substantive issue for both 

research and industry. Indeed, we cannot ever hope to close the translational gap between research and 

practice if reporting of studies are ambiguous and incomplete. As such additional measures are needed to 

improve reproducibility. We argue that reporting guidelines are one tool that can aid the reproducibility of 

simulation studies. We encourage readers of this article to download and use the Strengthening The 

Reporting of Empirical Simulation (STRESS) checklists for reproducibility 

(https://eprints.soton.ac.uk/407453/). These take the form of three companion documents to support 

reporting for Discrete-Event Simulation (DES), System Dynamics (SD) and Agent Based Simulation 

(ABS) studies. 

 The paper is structured as follows. First we describe why it is important to document models 

accurately and completely. Second we review the evidence for a simulation reproducibility crisis. Finally 

we introduce the STRESS guidelines and provide six high level reporting principles for simulation 

studies. 

2 DOES REPRODUCIBILITY REALLY MATTER? 

Imagine you are a young researcher in computer simulation. During a particularly challenging simulation 

research project, a literature search identifies a simulation study with results that would greatly enhance 

your own modelling. You believe that you can directly reuse and build on results of the study and gain 

insight into how others have tackled a particularly difficult applied modelling problem. However, on a 

detailed review of the work you experience one or two ‘um… how did they do that bit’ moments. You 

have fun tracing citations the authors have made to document vague optimisation procedures that they 

have included in the model – only to find a recursion of papers that never describe these vital details. 

Your first thought is that this is not a problem because you can always contact the author of the model. 

Unfortunately it turns out that the lead author was a PhD student who did not pursue a career in research 

and has since disappeared into a lucrative career in finance. The student’s supervisor and co-authors 

might be able to help, of course. However, they have long since retired; or cannot answer the questions 

because they are not documented in the thesis; or may genuinely have had no idea what the PhD student 

was doing (only in rare cases, of course). The outcome of all of this effort is that it is not possible or at 

best extremely difficult to reproduce the simulation model and its results. You begin from scratch again. 

 Later in your career you are working on an important project appraising the modelling of the 

effectiveness of a health treatment. In general, it is a bleak picture of negative results. But, there is a 

singular simulation study that demonstrates that the treatment is highly cost effective. In your appraisal of 

the paper you have several ‘um… how did they do that bit’ moments. All is not lost though, as the 

modeller works for a reputable institution and is contactable. Hopefully they can share the source code 

with you. Unfortunately the modeller ‘cannot find the model’ and is a bit vague about the workings of it 
as ‘the work was conducted five years ago’. The outcome is that you cannot verify the result or have 

confidence that the treatment is in any way cost effective.  

 Does any of this really matter or are we being overdramatic? After all you might argue that our 

hypothetical researcher simply needs to work harder and resolve the issues themselves. The answer 

depends on your personal view of science. A particular view taken by the authors of this paper is that 

credible science that is of potential value to society is transparent and open. Thus enabling results to be 

verified and others to build on your work either in research or industry. This is important for both 

theoretical and applied results. There is also an ethical argument for reproducibility, as much research is 

publicly funded. If results and knowledge do not have the potential to offer benefits for science or society, 

is this a good use of public money?  
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3 IS THE REPRODUCIBILITY CRISIS REAL? 

The discussion above is hypothetical, however there is growing evidence that the field of computer 

simulation is experiencing a reproducibility crisis. We summarise three key studies below that illustrate 

issues. 

Rahmandad and Sterman (2012) sampled a year’s worth of articles from the academic journal System 
Dynamics Review. There were 27 papers that reported an SD model and scientific result. Out of 27 

models, 16 (59%) included no equations at all while 2 (7%) reported ‘some’ equations. The set of 

equations that define the flow rates between stocks are pivotal to a quantitative SD model. Without these 

equations the model cannot be reproduced. If we consider another basic tenant of reproducibility – data – 

only 8 (30%) included the parameter values to reproduce the base case results.  

Janssen (2017) investigated the reproducibility of 2367 agent based simulation models returned from 

a search of ISI Web of Science. The study found that 50% of publications report complete or ‘some’ 
equations. The authors particular interest was access to model source code. Findings were that source 

code for the models was only available for 10% of the publications, although this appears to be slowly 

increasing. The authors note that the lack of transparency in how models work is slowing down 

knowledge creation and leads to duplication of effort in research.  

We found no overarching review of DES reporting, but Kurkowski et al. (2005) review 114 DES 

models of Mobile Ad Hoc Networks (MANETS). They summarise the ‘common pitfalls’ they find in the 
reporting of these models and conclude that the majority of studies are not reported completely and hence 

cannot be reproduced by other researchers. Some key findings were that 58% of the studies did not 

specify if a model was terminating or steady state; 0% of studies detailed the pseudo random number 

generator included; 93% of studies did not include any comment on the need to deal with initialisation 

bias and the 7% that did failed to provide any documentation about the analysis procedure used to select a 

warm-up period; finally 25% of studies did not state the simulation software in which the model was 

implemented. 

4 WHAT IS THE ORIGIN OF THE CRISIS? 

Within computational science there are three pillars of reproducibility: documentation, study data and 

code. Simulation documentation covers a multitude of areas from the computer environment to input 

modelling to model logic to output analysis. The three review papers described in section 3 illustrate that 

simulation studies are lacking in all of these areas. What isn’t clear however are the reasons for the crisis. 
Dalle (2012) outlines potential explanations. One facet of this is that there is ‘very little incentive to 

provide reproducible content’; journals, in general, do not ask reviewers to check for reproducibility; and 

such a check is burdensome for reviewers. Several other factors may affect reproducibility including 

ignorance of how the simulation software and programming library works. We note that no evidence is 

provided to support the author’s propositions, but that it does fall in line with the comments of other 

authors from different simulation fields.  

We argue that communication of computer simulation design and implementation is often difficult 

due to the complexity of models. A big part of solving the reproducibility crisis is therefore publication of 

the model code. In research this is rarely done and there is little incentive to share models within industry. 

But even with code there are circumstances where results cannot be reproduced. Within modern 

applications of computer simulation, study results should be reproducible on the basis of experimental lab 

conditions i.e. the model, software, code libraries, computer system specification need to be precisely 

reported. This is where support for the reporting of simulation models comes in. 

5 REPORTING GUIDELINES TO SUPPORT REPRODUCIBILITY 

Table 1 lists seven reporting guidelines relevant to simulation within OR/MS published since 1984. For 

each, we list the applicable paradigm of simulation and key strengths and weaknesses. Reference to any 

of guidelines will undoubtedly strengthen the reporting of simulation studies. The guidelines vary in 

213 



Monks, Currie, Onggo, Kunc, Robinson, and Taylor 
 

detail and relevance. For example, limited to visualization (Karnon et al. 2012), optimization aspects of 

simulation (Kendall et al. 2016), high level considerations (Waltemath et al. 2011) or domain specific 

(Husereau et al. 2013). Key guidance for SD is given in Rahmandad and Sterman (2012) and for ABS 

(from an Ecology perspective) is given in Grimm et al. (2006). One weakness of this literature is that it is 

disparate and apart from one case outside of OR/MS. There is no single framework that unifies DES, 

ANS and SD reporting guidance for OR/MS. The most comprehensive guidelines also suffer from the 

lack of a simple checklist that an modeler/author can reference. Most reporting guidelines are constructed 

in this format.  

 
Table 1 Key model based reporting guidelines published in peer reviewed journals 

Authors Year Guidelines  Paradigm Key Points 

Gass 1984 GASS Computer 

Simulation 
 Splits documentation in four 

categories. Analyst, User, 

Programmer and Manager. 

 Lacks specificity for modern 

simulation approaches such as 

ABS. 

 

Grimm et al. 2006/ 

2010 

ODD Individual 

(agent) Based 

Models 

 Advocates a standard format for 

reporting 

 Highly relevant to modellers in 

ABS, but limited applicability 

elsewhere. 

 

Waltemath et al. 2011 MIASE Biological 

Process 

Simulation 

 Simple, high level and 

generalizable across simulation 

approaches. 

 Lack of detail means that authors 

and reviewers have limited specific 

guidance. 

 

     

Rahmandad & 

Sterman 

2012 MMRR System 

Dynamics 
 Minimum and preferred reporting 

guidance. 

 Aimed to be general, but most 

applicable to SD. 

 Lacks a simple checklist approach 

to reporting. 

 

Karnon et al. 2012 ISPOR - 

SMDM 

 

Discrete-Event 

Simulation 
 Healthcare specific 

 Best practice 

 Limited to discussion of 

diagramming 

 

Husereau et al. 2013 CHEERS Health 

Economic 

Evaluation 

 Checklist approach 

 While some items are relevant the 

guidelines are specific to health 

economic modelling 

Kendall et al. 2016 GLP4OPT Optimisation  Checklist approach 

 Limited relevancy to the simulation 

community 
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6 STRENGTHENING THE REPORTING OF EMPRICIAL SIMULATION STUDIES 

We now introduce the Strengthening The Reporting of Empirical Simulation Studies (STRESS) 

guidelines. STRESS offers specific check listed guidance for modellers in ABS, DES and SD. To develop 

the guidelines we modified the approach of Moher et al. (2010). Their approach is focused on healthcare 

but is sufficiently generic to be useful more widely. We adopted a pragmatic two-fold approach. First we 

conducted literature searches to identify good practice articles from within ORMS and reviewed the 

existing reporting guidance listed in Table 1. The two lead authors (TM and CC) then converted the 

findings to an initial version of the guidelines. The second phase involved presenting the initial version of 

the guidelines to experts within the field at the 2016 OR Society Conference. A revised draft 

incorporating feedback from the conference was reviewed by four experts in DES, ABM, SD and large 

scale simulation methods (BSO, SR, MK and ST) who provided a detailed critique.  

6.1 Six principles for reporting simulation studies 

During the review six principles of reporting emerged. We list these in Table 2. The six principles for 

reporting that we list are a simple and effective starting point for reporting simulation studies. These 

principles may also be applicable to other modelling disciplines falling within ORMS.  
 

Table 2 The six principles of reporting simulation studies 

Principle Description 

1. Be purposeful State the purpose of the study and the model’s intended use 

 

2. You may need the 

kitchen sink 

Provide sufficient detail to reproduce the results of the base run of the model 

and all simulation experiments conducted as part of the study. 

 

3. Be language agnostic Ensure that descriptions of the model are software and hardware independent. 

 

4. Include your data Include data for verification and parameter values. Where proprietary or ethical 

issues prevent the inclusion of data, ‘hypothetical’ test data should be included 
for verification purposes. 

 

5. Lab conditions count Document all software and where necessary hardware-specific implementation. 

 

6. Be visual Provide additional visualization of model logic or algorithms using a 

recognized diagramming approach. 

 

6.2 An overview of the guidelines 

The idea of the STRESS guidelines is to support high quality reporting of simulation models in order to 

ensure that a model and its results are reproducible. The STRESS guidelines are split into five sections: 

objectives, model logic, data, experimentation and implementation and include 19 checklist items (Table 

3). There are three specific instances of STRESS: STRESS-ABS, STRESS-DES and STRESS-SD, 

respectively. The three checklists are available online (https://eprints.soton.ac.uk/407453/). Readers are 

encouraged to download, review and make use of them. The authors of this paper welcome feedback on 

the guidelines.  

 While a full review of all of the detail of the checklists is beyond the scope of this article we note that 

one contentious issue is often data. STRESS recommends reporting details of all sample data (e.g. 

sources, field lists and sample size), pre-processing steps and documenting model parameters, to verify 

and replicate all experiments conducted. Given that modern simulation models may have hundreds of 

parameters, there is a temptation for modellers to only provide details of parameters ‘on request’. 
STRESS recommends that documentation of parameters is thought through carefully. Vines et al. (2013) 
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investigated 516 studies between 2 and 22 years old. They found the chances of data loss increased with 

age of the study. Broken e-mails and obsolete storage devices were the main cause of loss of data. The 

odds of data disappearing had a 17% annual increase. 
 

Table 3 General format of a STRESS checklist 

Section Item No. Checklist item 

1. Objectives 1.1 Purpose of the model 

1.2 Model Outputs 

1.3 Experimentation Aims 

2. Logic 2.1 Base model overview diagram 

 2.2 Base model logic 

 2.3 Scenario logic 

 2.4 Algorithms 

 2.5 Components 

3. Data 3.1 Data sources 

 3.2 Input parameters 

 3.3. Pre-processing 

 3.4 Assumptions 

4. Experimentation  4.1 Initialisation 

 4.2 Run length 

 4.3 Estimation approach  

5. Implementation  5.1 Software or programming language 

5.2 Random sampling  

5.3 Model execution 

5.4 System Specification  

  

 

7 DISCUSSION 

In this article we provide an introduction to the reproducibility crisis within modern computational 

research. We hope that we have presented a compelling argument that such a crisis is real and relevant 

within our own field of computer simulation. We encourage readers to reflect on their own work in 

industry and research and consider how future users and consumers of their models would fare in 

reproducing their work. 

 Given the complexity of modern simulation models, we believe that no single measure will be 

sufficient to solve the reproducibility crisis. Open models are an excellent start, but on their own are not 

sufficient to recreate and verify all results; for example, the ‘lab conditions’ of the experiments may affect 

results or the model may have been developed in a commercial simulation package. To assist with 

replication many disciplines are looking to reporting guidelines as a means to increase the transparency of 

studies and improve scrutiny. One such approach within ORMS is to follow the STRESS guidelines. We 

encourage authors, practitioners, and peer reviewers working within simulation to make use of a guideline 

such as STRESS in their reporting and decision-making. A simple checklist of what to include in model 

documentation should increase the quality and completeness of model reporting and hence the likelihood 

of models being reused and extended.  

 A question raised during the development of STRESS was ‘what motivation is there for academic 

authors to follow the guidelines?’. We believe that there are three main benefits for the academic 

simulation community. First, the guidelines help simulation model authors to write and submit better 

quality manuscripts to journals in the first instance. This offers the potential to reduce the quantity of 

rework requested by reviewers. Second, if peer reviewers make use of the guidelines then feedback on 

model documentation should be more structured and easier for authors to address. Third, a model that is 

reproducible is much more likely to be reused and in time to be cited by fellow researchers.  
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 The guidelines also have tangible benefits for journal editors and peer reviewers. For those who 

review a study, the guidelines offer an additional structured approach to critiquing a manuscript and a 

standardised approach for assessing the quality of the research under review. This standardisation also 

provides more confidence to journal editors in relation to the quality of both reporting and review. 
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ABSTRACT 

A number of authors believe that wrong models can be useful, providing learning opportunities for their users. This 

paper details an experiment on model complexity, investigating differences in learning after using a simplified 

versus an adequate version of the same model. Undergraduate students were asked to solve a resource utilization 

task for an ambulance service. The treatment variables were defined as the model types used (complex, simple, and 

no model). Two questionnaires (before and after the process) and a presentation captured participants' attitudes 

towards the solution. Results suggest differences in learning were not significant, while simple model users 

demonstrated a better understanding of the problem. This paper consists of a preliminary behavioural operational 

research study that contributes towards identifying the value of wrong simulation models from the perspective of 

model users. 
 

Keywords: Discrete-Event Simulation, wrong models, Simple models, Complexity, Behavioural 

Operational Research 
 

1 INTRODUCTION 

Models are simplified representations of real life situations, which one could call simply "wrong" (Box 

and Draper, 1987). However, models have been used to support decision-making and problem-solving in 

organisational activities, both in business and governmental areas (Luoma, 2014; Pace, 2004; Wahlström, 

1994). Understanding model use from the clients' perspective in simulation was first studied in Tako and 

Robinson (2009). Since then, with the emergence of Behavioural Operational Research (BOR), more 

interest has risen in understanding model acceptance from the clients' point of view (e.g. Hämäläinen et 

al., 2013; Gogi et al., 2016; Monks et al., 2016). More recently, Katsikopoulos et al. (2017) consider the 

benefits from using simple versus complex models in decision making, albeit from the point of view of 

multi-criteria decisions analysis. Using simplified models can affect clients' perception of model validity 

and the model may be considered inadequate or plainly wrong to use. Yet, even if a model is considered 

wrong, it is believed that we can still learn from it (Hodges, 1991; Bankes, 1998). 
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So far we have not found explicit definitions of wrong models in the existing literature. To the best of 

our knowledge, there is no evidence to demonstrate the benefits, if there are any, of using simulation 

models considered wrong on users' learning. This paper explores the concept of "wrong" models, and 

more specifically, we concentrate on model complexity from the client's perspective. We look to establish 

whether the level of model complexity affects the learning achieved by users of discrete event simulation 

models. This will in turn provide evidence to inform our understanding of model use in supporting 

learning from using simple versus complex models. This can be especially relevant for the existing 

facilitated modelling practice (e.g. Franco and Montibeller, 2010; Tako et al., 2010), where it may not be 

possible to revisit and rebuild a model at the workshop. 

We present a preliminary experimental study carried out with undergraduate students at 

Loughborough University to identify differences in participants' learning as a result of using a simple 

versus a more complex version of the same model. Our study aims to provide evidence on the usefulness 

of wrong - or as termed here, "simple" - models. It is part of a wider study looking at the uses of wrong 

models and their role in supporting learning and decision-making. This work contributes to the existing 

BOR and simulation literature towards identifying the value of wrong models from the perspective of 

model users. 

This paper is organised as follows: Section 2 summarises the existing work on wrong models in 

Operational Research (OR), Simulation and relevant fields, also introducing learning. Section 3 presents 

the methodology, aims and hypothesis, the case study and the process followed, while Section 4 reports 

the results. Section 5 provides a discussion of the findings followed by the conclusion in Section 6. 

 

2 WRONG MODELS IN OR AND SIMULATION 

Literature in OR and simulation is limited on the topic of wrong models, mainly focusing on successful 

cases (Bankes, 1993; Eskinazi and Fokkema, 2006). There are limited examples of wrongly developed 

models, from which we could learn. An exception is the work by Eskinazi and Fokkema (2006), where 

the authors demonstrate four failed modelling interventions in System Dynamics (SD), though their 

qualitative analysis doesn't reach any conclusive outcomes.  

Considering the terminology of wrong models in the existing literature, our first observation is that 

there is no clear definition. A variety of terms are used, among others: bad (Hodges, 1991), unvalidatable 

(Hodges and Dewar, 1992), inadequate or unvalidated (Hodges, 1991), incorrect (Bankes, 1998), false 

(Bankes, 1998; Hooker, 2007) or wrong (Hinkkanen et al., 1995; Bankes, 1998). More specifically, 

Hodges (1991) was the first to refer to the concept of wrong models in policy analysis. With reference to 

military examples, Hodges (1991)  distinguishes wrong models as "unvalidated" (not adequately validated 

for their intended purpose) or "invalidated" (having failed validation). In a subsequent paper, the term 

"unvalidatable" is used for models that cannot be validated but may still be utilised (Hodges and Dewar, 

1992). A categorization of models is given by Bankes (1998) terming them as false ("demonstrably 

incorrect"), strongly predictive, and plausible or weakly predictive (models wrong in at least some 

aspect). Hooker (2007) suggests that a false model may not predict the system it was created for. Sasou et 

al. (1996) examine the term from the point of view of a team's wrong decision-making process. 

Examining the factors that may lead to a wrong model, Hodges (1991) refers to problems with data 

such as contradictions, lack of data or inconsistencies as determinants that could lead to bad models. 

Bankes (1993) mentions that it may not be possible to validate because experiments are not feasible to be 

carried out, historical data may not be available, or there is no sufficiently developed theory to support 

model assumptions. The same author (Bankes, 1998) refers to conflicts deriving from internal model 

structure and behaviour that contradict existing knowledge. Robinson (1999) mentions causes of 

simulation inaccuracies created by insufficient experimentation. From a different viewpoint, a model may 

be wrong because it is used for solving the wrong problem (Balci, 1994; Hooker, 2007). 

Furthermore the literature refers to uses of wrong models. There is some consensus among authors 

that wrong models can still be useful and can be used creatively (Hodges, 1991; Bankes, 1993; Bankes, 
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1998; Eskinazi and Fokkema, 2006). Hodges (1991) and Hodges and Dewar (1992) suggest a number of 

possible implementations without further practical applications. Similarly, Bankes (1993; 1998) discusses 

that exploratory (not restricted by uncertainty issues) and plausible (weakly predictive) models can still 

assist in decision making. 

The use of a model - either simple or complex - provides learning opportunities for its users. Learning 

produces a change in behaviour by deflecting someone's observable action (Schacter et al., 2014). Based 

on Argyris and Schön (1996), one can deduce that learning is achieved if a change in users' existing 

knowledge, attitude or decisions occurs as a result of interacting with a model. Recent studies have 

initiated the practical exploration of learning in the existing BOR field. Monks et al. (2014) test learning 

differences between reusing a model versus involving clients in model building. Monks et al., (2016) 

expand this premise by comparing learning transfer between simulation studies. Gogi et al. (2016) search 

for learning insights from using discrete event simulation. Though not conclusive, all three studies 

contain positive findings that corroborate the need for further investigation of learning using simulation 

models. 

In summary, based on the work considered above, the uses of wrong models have not yet been clearly 

identified in the literature. Here we consider one element of wrong models, the level of model complexity 

from the clients' perspective, distinguished into simple and complex models. There is no evidence to 

suggest what level of model complexity should be aimed to achieve the best possible learning outcomes. 

Studies in OR mainly in the field of forecasting, explore the idea of simple versus complex but in view of 

better results (e.g. Green and Armstrong, 2015). Katsikopoulos et al. (2017) summarise relevant studies 

(in inference, forecasting and strategic decision-making) and provide guidelines to help decide when 

simple models should be used for specific decisions, concluding that simple models should be used at the 

right level of simplification. Our study is looking to compare learning achieved from the users' point of 

view after using models of the same problem at different levels of complexity. Hence the current study 

looks to explore the differences in learning from using simple versus complex simulation models. 

 

3 METHODOLOGY AND EXPERIMENTAL DESIGN 

This section describes the experimental study, including the research questions and hypothesis, study 

design, the case study, and the simulation models used. 

3.1 Study objective and hypothesis 

The aim of this research is to identify whether a model's level of complexity affects the learning achieved 

by model users. We consider complexity from the point of view that less complexity can affect clients' 

perception of the model, since increasing a model's complexity doesn't necessarily mean that the model is 

more accurate (Robinson, 2014). We link this to the notion of model credibility, that is the clients' 

perception that the model or its results are sufficiently accurate for the purpose at hand (Pace, 2004; 

Robinson, 2014). As a result through validation procedures, modellers try to prove that the model is not 

perceived wrong (Robinson, 2014). 

We consider as wrong a simplified model (also called simple) and compare it with an adequate 

(complex) model. In this research, we assume that  learning occurs as a result of a change in people's 

attitude towards a belief. This can be demonstrated by providing the expected answer to a problem. As 

such we look to test the following hypothesis: 

 

Study hypothesis: The use of simple and complex simulation models offers the same learning outcome. 

 

We expect that users will find simple models easier to use and hence provide evidence that they gain 

better understanding  of the problem and solutions, based on statements found in the literature (e.g. Green 

and Armstrong, 2014; Katsikopoulos et al., 2017). 
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3.2 Study design 

An experiment is used to test the study hypothesis. Final year undergraduate students, 58 in total, at 

Loughborough University attending a simulation module "Simulation for Decision Support", took part in 

the experiment. The experiment was run as part of a three-hour lecture. All students were aware of basic 

simulation modelling and had undertaken a placement year in a company in the third year of their studies. 

They were separated in groups of 6 or 7, for a total of 9 groups. Each group was assigned to one of the 

treatment conditions. These conditions were defined by the type of model the participants used: Complex 

Model (CM) groups used a relatively complete or adequate simulation model, Simple Model (SM) groups 

a simplified (wrong) simulation model and No Model (NM) groups, consisting the control groups, were 

asked to create a conceptual model of the case study problem. The participants were not aware of any 

model or condition differences. Table 1 summarises the assignment of group numbers into treatment 

conditions: 
Table 1 Group assignment to treatment conditions 

 

 Condition Abbreviation Groups assigned Model provided 

1 Complex Model CM 2, 3, 4 Adequate model 

2 Simple Model SM 1, 5, 6 
Simplified simulation model - 

(can be potentially perceived wrong) 

3 No Model NM 7, 8, 9 No model 

 

The process took place in the following order. An overview of the problem and tasks was provided. 

The participants were then given the case study to read along with the pre-test questionnaire to complete 

individually, capturing participants' initial attitude towards the problem and the managerial decision. 

Next, they were randomly split into groups. Groups 1 to 6 were each provided with a notebook computer 

with the allocated version of the model (simple or complex). Further paper-based instructions were given 

to each group based on the treatment condition they were assigned to. The students worked in groups and 

were asked to utilise PartiSim tools (Tako et al., 2010) to guide their group' discussions. The students 

were left to work on their task for 1.5hrs and to prepare a presentation with their recommendations 

towards the case scenarios (more details are provided in Section 3.3). During the task, support was 

provided by the researchers with clarifications on the process and task. At the end the students re-

assembled in the lecture theatre and were asked to complete an individual post-test questionnaire, in order 

to capture attitude changes towards the solution. The questionnaire was the same for all groups, with the 

exception that the No Model groups were asked not to answer two questions related to the model. Lastly, 

the students presented their findings to the other groups and the researchers. Questions were asked by the 

researchers to clarify the students' final answer towards the decision and the prioritisation of targets. 

3.3 Case study 

The case study is a resource utilisation task for an ambulance service based on Puntambekar (2016). The 

case initially describes the problem and the call cycle. Incoming calls are classified as emergencies (life-

threatening) or urgent (non-life-threatening). When answering a call, the operators assess the severity of 

patients' condition and decide on the route to be followed. Regardless of call type, a proportion of calls is  

redirected to the Clinical Assessment Team (CAT) for re-evaluation. The majority of calls result in the 

patients being transported to the local A&E department or to alternative pathways (e.g. community care 

services). In some cases, the ambulance crew provides clinical treatment on scene and the patient may not 

need to be conveyed to A&E. Treatment may be also provided over the phone by clinical advisors. This 

helps to avoid the dispatch of ambulances to patients who do not require an ambulance. During the winter 

months, the ambulance service faces a higher number of calls, which affects the service's ability to deal 

with incoming calls within specified time targets. The management considers that a lot of patients are 

unnecessarily being taken to A&E and are examining the option to increase CAT intervention with the 
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view to reducing ambulance use, and open up resources for patients that require emergency 

transportation. Three options are available: keeping the percentage as is (30%), increasing it slightly 

(40%) or significantly (50%). Either increase was described as possible. The task asked participants to 

comment on this managerial decision and recommend what percentage of patient calls should be 

redirected for re-evaluation by the CAT team. To check which answer would be the most suitable, certain 

targets were set that the participants would have to meet and prioritise. These targets (in order of 

importance) were: the time targets for life-threatening patients, the time target for non-life-threatening 

patients, the maximum expenditures (costs of personnel, ambulances), and, the ratio of the number of 

patients treated in A&E over those treated in alternative pathways. The full case study is available by the 

authors upon request. 

3.4 The two variations of the model 

The main model used was created as part of an MSc dissertation project in Business Analytics and 

Consulting through facilitated workshops with employees of the ambulance service (Puntambekar, 2016). 

The model was modified and financial variables were added. The Simul8 software (SIMUL8 

Corporation) was used to develop the models. Two main variations (Figure 2) of that same model were 

selected: an adequate termed here as "complex" and a simplified one termed here as "simple". The simple 

model was created from the originally developed model by taking out variables, parameters, working 

stations, and simplifying the routes (for example the transport of a patient to an alternative care would 

require a request in the complex model before proceeding, while the simple model omits this step). It was 

functional but less detailed. For instance, the types of available resources were reduced from three (CAT 

personnel, First Vehicles on Scene, and Last Vehicles on Scene) to two (CAT personnel, and Vehicles). 

As a result of these simplifications, the numerical outcomes were not as accurate as those in the adequate 

model. Both models could provide answers for the initial decision (30%) if participants were to change 

certain parameters. This means that the participants could reach all of the targets if they changed the 

variables of the simulation models. 
 

 

Figure 1 The two variations of the model and the answers and interpretations per case 

 

Using the complex model, the problem could be solved for both alternatives (40% and 50%), but it 

required too long to trial out all possible options. The simple model could not provide answers to the 

problem for the 50% option (meaning that not all the targets could be met for that percentage - column 

"Solvable" in Figure 1). In order for the participants to demonstrate a change of attitude (leading to 

learning), they would need to understand - through experimentation with the model - that the initial 

setting (30%) is the answer that offers a solution to the model by meeting all of the targets without 

223 



Tsioptsias, Tako, and Robinson 
 

extreme effort (columns "Time required" & "Expected answer" in Figure 2). Since the alternative settings 

(40% and 50%) would require too much time to run, if such an answer was provided and not supported by 

meeting the targets, it would be interpreted as either guessing from the participants' side  (column 

"Interpretation" in Figure 2) or luck if they managed to meet all of the targets within the limited 

timeframe. To test the experiment's feasibility, 3 pilots were run individually with PhD students. A few 

minor changes in the description of the case study were made as a result. 

 

4 RESULTS 

In total, 39 pre-test and 45 post-test questionnaires were returned from the 58 initial participants. The 6 

additional post-test responses were excluded from the analysis. Of these, the NM group had 10 students, 

SM 16 and the CM the remaining 13 students. All students were 21-23 years old (but one who was 25). 

The rest of the demographics are provided in Table 2. The distribution of abilities and marks is 

representative amongst the different treatment groups. 
 

Table 2 Demographics of the participants that handed over both questionnaires. Proportions are calculated in 

every case out of the 39 participants 

 

 Groups Participants Gender Current mark of degree 

M F 1
st
 2:1 2:2 

1 No Model (NM) 10 15.4% 10.3% 7.7% 12.8% 5.1% 

2 Simple Model (SM) 16 25.6% 15.4% 5.1% 28.2% 7.7% 

3 Complex Model (CM) 13 28.2% 5.1% 7.7% 20.6% 5.1% 

4 All 39 69.2% 30.8% 20.5% 61.6% 17.9% 

 

The results are next analysed. To test the study hypothesis, we compare participants' answers based 

on the solutions provided before and after using the models. If there is no significant difference between 

the users of SM and CM, then the research hypothesis can be supported. We also compare the two 

simulation conditions with NM to establish whether there is a difference between using the model at all, 

as a means of checking that the case study and model work. If simulation users demonstrate a shift in their 

attitudes towards the solution as opposed to NM, then we can support that the case study and model work. 

We use Pearson's Chi-square and Fisher's Exact Test for comparing our nominal variables (Section 4.1), 

and the Mann-Whitney test for our likert-based variables (Section 4.2). All statistical tests are selected 

based on their relevance to the type of data analysed and the number of the groups compared (α = 5%) 

and are based on Bryman and Cramer (2011). First the results based on the managerial decision (Section 

4.1) are presented, then the analysis the Likert scale questions (Section 4.2), and lastly the outcomes from 

the presentations (Section 4.3). 

4.1 Results on the managerial decision 

The participants were asked both in the pre- and post-questionnaire to answer whether and why they 

agree, disagree, or are not sure about the proposed managerial decision to increase the percentage of 

patients that are redirected to the CAT team for re-evaluation. The answers to this question are compared 

to establish a change in participants' perception of the solution. As expected the participants did not 

disagree with the intended managerial decision in the pre-test. Indeed, 24 were in agreement and 15 were 

not sure (0 disagreed), as opposed to 21 agreed, 10 disagreed, and 8 were not sure in the post-test. 

For learning to be achieved, students had to move to a better decision by disagreeing or at least 

expressing uncertainty about the increase of this percentage. Our premise was that if students altered their 

initial views from "Agree" or "Not Sure" to "Disagree", or from "Agree" to "Not Sure" then they would 

have acquired a change in beliefs through the process. This change - observable through their answers - 
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would support the presence of learning (Argyris and Schön, 1996; Schacter et al., 2014). It should be 

noted that if a participant was not sure of the answer both before and after the experiment, his belief was 

not considered to have changed. The participants' changes in beliefs, by group, are summarised in Table 

3. 

Table 3 Change of participants' attitude based on comparison of pre- and post-test answers. Proportions are 

calculated in every case out of the 39 participants 

 Groups Change No change Participants in groups 

1 No model groups 0 (0%) 10 (25.6%) 10 

2 Simple model groups 7 (17.9%) 9 (23.1%) 16 

3 Complex model groups 8 (20.5%) 5 (12.8%) 13 

4 Total 15 (38.5%) 24 (61.5%) 39 

 

A shift in the participants' answers is noted. From the 39 participants, 15 of them (38.5%) changed 

their initial views towards the required solution. More specifically, 8 participants were from the CM 

groups, 7 from the SM groups, and no one (as expected) from the NM groups. This means that 15 out of 

29 (51.7%) simulation group participants managed to find the required answer in view of the problem's 

managerial decision (i.e. keep the percentage at 30%). We used the Chi-square test to compare the 

proportion of participants that change beliefs about the managerial decision between groups. Due to the 

small sample size, we also report Fisher's exact test (Table 4). The results show that there is a difference 

in change of beliefs between the NM groups and those that used a simulation model (Pearson's Chi-square 

p = .004, Fisher's exact test p = .006), meaning that simulation had an impact in the experimental process. 

On the other hand, the results didn't reveal any actual differences between complex and simple model 

users (Pearson's Chi-square p = 0.340, Fisher's Exact Test p = 0.462) supporting the research hypothesis. 

 
Table 4 Statistical analysis at 5% for the managerial decision 

 

Group comparison Pearson's Chi-Square Fisher's Exact Test 

NM vs SM & CM 0.004 0.006 

NM vs SM 0.014 0.023 

NM vs CM 0.002 0.003 

CM vs SM 0.340 0.462 
NM: No Model, SM: Simple Model, CM: Complex Model 

 

The explanations on the answers provided by the participants about the proposed managerial decision 

to increase the percentage of patients that are redirected to the CAT for re-evaluation in the pre- and post-

questionnaire, helped to establish a better understanding of the group differences. On the one hand, those 

agreeing with the managerial decision for increasing the percentage supported their views on the premise 

of the case study's description (faster, better, and cheaper system). It should be noted, however, that 

certain participants were "not sure" of the managerial decision in the pre-test questionnaire misdoubting 

the description (e.g. "change may not have an impact" or "not enough information in statistics or 

simulation"). On the contrary, participants that changed their attitude towards the managerial decision and 

disagreed or stated that they were not sure about the increase, mainly commented on the numeric 

outcomes of their experimentation, on logical statements (e.g. "we can reach all targets without 

increasing"), or due to the model's simplifications, a need for further statistics, or that the model may 

already work without changes. These answers advocate that the research hypothesis is supported as we 

had change of beliefs during the experiment as a result of the treatment conditions and these changes were 

supported with elaborated answers and statistical significance. 
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4.2 Analysis of Likert-style questions 

The post-test questionnaire included a number of 5-point Likert scale questions where participants were 

asked to rate their level of confidence in the model as well as their opinion about their understanding of 

the model, model representativeness and trust in results. A 5-point Likert scale was used. We used the 

Mann-Whitney test to analyse the differences and to establish whether there is a difference between 

groups. The results are presented in Table 5 below. All the results suggest that neither confidence nor 

understanding was affected by the experimental conditions. Similarly, there was no statistically 

significant difference between the users that used a simulation model and those that didn't. Participants' 

confidence in their answers and belief in the results was not affected by the treatment conditions. 

We compare the participants' opinions about the model's representativeness and their trust in model 

results only for the two simulation model treatment groups (groups 1-6) using the Mann-Whitney test. 

Considering participants' trust in model results, there is no difference between groups (p = 0.105). 

Participants' opinions about model representativeness show a marginal difference suggesting that the 

participants' perception of the model may have been affected by the two different treatment conditions (p 

= 0.055). This is relevant to comments found from the qualitative analysis (see Section 4.1) and the 

presentations where participants from the simple model groups suggested they needed a better model 

while 2 out of 3 groups said the models are not very representative but could work with them (see more in 

Section 4.3). 

Table 5 Statistical analysis at 5% for Likert-style variables measured 

Group comparison Confidence 

(Mann-

Whitney) 

Understanding 

(Mann-

Whitney) 

Representativeness 

(Mann-Whitney) 

Trust in 

Results (Mann-

Whitney) 

NM vs SM & CM 0.600 0.216 N/A N/A 

NM vs SM 0.636 0.615 N/A N/A 

NM vs CM 0.647 0.080  N/A N/A 

CM vs SM 0.931 0.098 0.055 0.105 
NM: No Model, SM: Simple Model, CM: Complex Model 

No results were found to be statistically significant at α = 5% 

4.3 Group presentations 

Participants gave groups presentations at the end of the session. An incentive was provided for the best 

two presentations and the performance was rated by two of the authors based on answers' insightfulness 

and general format of each presentation. The outcomes and main points of the presentations are presented 

in Table 6 below: 

Table 6 Summary of the presentations 

 No Model Complex Model Simple Model 

Correct priorities 2 out of 3 3 out of 3 3 out of 3 

Final answer 0 out of 3 right 1 out of 3 right 2 out of 3 right 

Targets 2 out of 3 (representative 

conceptual model) 

3 out of 3 (not all of targets 

solved) 

3 out of 3 (not all of targets 

solved) 

Model evaluation N/A N/A 2 out of 3 (needed a better 

model) 

 

In general the presentations showed a good understanding of the problem and the task. All three NM 

groups worked on creating a conceptual model that would represent the case study, with 2 out of 3 

creating a very representative one (compared to the complex simulation model), while 2 out of 3 

prioritised the targets in the required order. The CM groups presented controversial results. Although the 
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use of simulation helped their better understanding in the target order (with minor differences), their final 

answers were not based on solving all targets (2 out of 3 groups suggested that the managerial decision 

for increase should be put to action at the 40% level). This means that instead of trying to solve the initial 

problem through minor changes they redirected their attention to the alternatives which were way more 

difficult to be accomplished. Only one group had the correct final answer presented and justified. The SM 

groups got a well justified order of priorities (with minor differences). Still, no group met all the targets 

set, but 2 out of 3 groups replied that their proposal to the management would be to not change the current 

percentage for the managerial decision. This means that by using a simpler version of the model the 

participants got the right answer with more ease, though the most interesting outcome from these groups' 

presentations was that 2 out of 3 commented about the fact that the model was not representative as the 

reason that they were not able to provide complete answers or for not being able to meet the targets. A 

group members, specifically, reported that they felt a lot of information was missing from the model they 

were given (not knowing it was the simplified version). This is an interesting finding that suggests that 

the model given was considered wrong from a credibility point of view, it was however still adequate to 

use to find the relevant solutions to the problem. 

 

5 DISCUSSION ON RESULTS 

We present an experimental study set out to identify whether a model's level of complexity affects the 

learning achieved by users. The hypothesis of the experiment suggests that a simple simulation model 

compared to a more complex can offer the same level of learning. Though in small scale, this preliminary 

experiment allows the inductions of a few observations for further exploration of wrong models. 

To support the hypothesis, the users of the simple and the complex model would demonstrate the 

same change of attitude towards the solution. The results show that a sufficient number of students from 

both treatment conditions provided the relevant solutions (8/13 complex model users and 7/16 simple 

model users). This means that both models proved useful to help participants understand the problem. The 

statistical analysis supports our hypothesis that there is no significant difference in the users' confidence 

in their answers, their belief in the results and their understanding of the problem. In the group 

presentations, one complex model group and two simple model groups managed to find the correct 

answer, while two of the simple model groups mentioned they found their model was lacking details but 

could still work with it. Our principal observation is that the simple model seemed easier for participants 

to handle especially due to the limited timeframe required to interact with the model. This outcome 

justifies our initial expectations. Furthermore, a marginally non-statistically significant result on 

representativeness (5.5%) suggests model users may have realised the adequacy of their model in their 

respective groups. The analysis corroborates our belief that the simplified model was not credible (users 

found it "wrong") but it still proves to be helpful. Another observation from our experiment regards the 

fact that simulation helped model users to demonstrate a shift in their attitudes towards the solutions 

compared to the control groups. Despite confidence and understanding were not found to be statistically 

different between the no model and simulation users groups, we still believe that simulation helped. 

There are certain limitations related to the study that may have affected the findings. Not all students 

provided elaborate answers to the open-ended questions, leading to a small number of answers to analyse, 

which has affected the information collected. Due to the relatively small sample size we only tested one 

model at two complexity levels. If we had access to a larger group, we would have been able to test 

different levels of model complexity. A future addition to the experiment could be to include post-

graduate and research students. Furthermore, group composition, dynamics and dysfunctionality may 

have affected the outcomes of group results and the quality of participants' answers. Bearing in mind 

these limitations, we next plan to run another set of experiments individually with participants in order to 

limit the impact of group-related factors. An extension to this study would be to identify the minimum 

requirements for a wrong model to be considered useful to model users for learning purposes. 
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6 CONCLUSIONS 

This paper explores the concept of wrong models focusing on complexity. A laboratory experiment was 

set up to identify whether model complexity can affect the learning achieved. We compare two types of 

models: an adequate and a simplified one. The results suggest differences in learning from the two models 

were not significant. We however found that simple model users had a better understanding of the 

problem, albeit they were able to comment that they needed a more detailed model to be able to solve the 

task set. These initial results are encouraging, providing some preliminary evidence that simple models, 

so long as they are not inaccurately presented, can be useful in supporting clients to understand their 

problems and take decisions. This work can be particularly useful to inform the current facilitated 

modelling practice with regards to the type of models and complexity used in workshops with clients. 

Future research will aim to identify uses of wrong models by interviewing simulation experts. 
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ABSTRACT 

This is an interim report on a project to construct an agent-based simulation that reproduces some of the 

interactions between students and their teacher in classroom lessons. In a pilot study, the activities of 67 students 

and 7 teachers during 40 lessons were recorded using a data collection instrument that currently captures 17 

student states and 15 teacher states. These data enabled various conceptual models to be explored, providing 

empirical values and distributions for the model parameters. Using these data, a lesson can be ‘played back’ 
using a visualization program implemented in NetLogo. A visualization and simulation can be viewed side-by-

side and their outputs compared in various ways, e.g. overall class state-transition matrices or individual student 

state trajectories. The main challenges are the formulation of descriptive rules, establishing what metrics to use 

to compare lessons, and determining how to validate a simulation. 

 

Keywords: Agent-based Modelling, Agent-based Simulation, Social Simulation, NetLogo 
 

1 INTRODUCTION AND OVERVIEW 

The goal of this research is to enhance understanding of the dynamic interactions between students 

and their teacher in classroom lessons, using an agent-based model (ABM). One aspect of this is to 

use the model to try to predict the consequences of some standard classroom interventions, for 

instance: 
 

 What would be the effect of adding a teaching assistant (TA) to a class?  

 What happens when a friendship group becomes disengaged and disturbs a lesson? 

 What effect would a different table/seating arrangement have? 

 Which of two lesson plans would be more effective? 

 

It is often quite difficult, and possibly unethical, to experiment with alternative options for 

classes. A simulation could be a pragmatic decision-support tool for use by school or college teachers 

or senior management. Of most interest to them is likely to be the end results after a lesson or series of 

lessons, such as the degree of productivity (‘time on task’) or the frequency of disruption, or the 

amount of student participation. There appears to be no existing model that can accomplish these 

goals, so the challenge is to create one. 

Classroom simulations have been developed to help train teachers. Trainees are presented with 

repeatable scenarios populated with some virtual students and can explore alternative interventions. 

But these systems rely on the trainee choosing a course of action. They are not full simulations of an 

entire lesson and there is no simulation of the teacher. There are also training systems in which the 

students are ‘avatars’, operated by teaching professionals (Ferry, Kervin and Carrington, 2011; Deale 

and Pastore, 2014; Gregory, 2014). 

Agent-based modelling is a computational approach to simulating systems. Agents (actors) are 

identified along with their states and essential attributes. The principal interactions between agents 

and their environment are formulated as rules, which can be stochastic in nature. Agent-based 

modelling and simulation have been used in many different application areas, including in the field of 

education. 
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Salgado et al (2014) developed an ABM to investigate ‘differential school effectiveness’. They 

proposed incorporating factors such as friendships between students and the expectation bias of the 

teachers, and found that their ABM provided improved causal explanations of differences between 

schools. Manzo (2013) described the development of an ABM incorporating a network of social 

influences and noted that with an ABM it is possible to identify causes. Mital et al (2014) used an 

ABM and social network analysis to simulate the outcomes of a school project. Student agents had 

attributes such as aspirations, cognitive ability and perseverance and the relationships between agents 

could change dynamically. Abrahamson et al (Abrahamson, Blikstein and Wilensky, 2007) developed 

an ABM to investigate the influence of individual and social factors on collaborative problem-solving 

activities. They believed their study might be useful in teacher training and educational policy 

making. 

Classroom models have also been constructed. Gamboa-Brooks-Gray (2015) described a 

classroom ABM in which random class layouts with students were created, but without a teacher . She 

sought to establish a correlation between the student agents’ ‘classroom environment variables’ 
(primarily how they feel about their tuition) and their attainment. 

It seems there is no published research taking the approach used in this project, namely modelling 

the spatial arrangement and temporal ‘trajectories’ of students and teacher through various activities 

or states during lessons, with constant interactions between students and the teacher (and teaching 

assistant, if present).  

 

2 CONCEPTS FOR THE MODELS 

An agent-based model postulates that the agents have specific attributes that contribute to their 

behaviour and that they engage in specific activities, represented as the states of the agents. A model 

also hypothesises relationships between agents and their environment and suggests rules of 

interaction. There are many influences that affect the events in classrooms (see Figure 1 below), some 

of which are discussed in this section. 

 
Figure 1 Some of the many influences on students in a classroom lesson 

 

Many factors are known to have an impact on students’ experiences of education, their 

achievements and their behaviour, for example: socio-economic and family background, parent’s 
education, ethnicity, gender, special educational needs, individual learning styles, the community and 

culture in which the school exists, the target academic level set by teachers and/or the school, the 

range of abilities (heterogeneity) within a class, class sizes, teaching styles (Hirschy and Wilson, 

2002; Wigfield and Cambria, 2010; Sun and Shek, 2012; Swinson, 2012; Dillenbourg, 2013; Easby, 

2015; Kalambouka et al., 2016; Pampaka and Williams, 2016) Of particular importance are friendship 

networks and the general influence of peers and friends, especially the academic achievement of peers 

(Hirschy and Wilson, 2002; Hanushek et al., 2003; Halliday and Kwak, 2012; Blansky et al., 2013). 

231



Ingram and Brooks 

There is also an effect on time spent learning due to different seating arrangements (Schwieso, 1995; 

Bicard et al., 2012).  

Student personality and individuality are also important. These influences could be broken down 

into factors representing Openness to experience, Conscientiousness, Extraversion, Agreeableness and 

Neuroticism (the OCEAN model) or Belief, Desire and Intention (the BDI model) or to a number of 

other alternative concepts (Gibson, 2009, 2011; Stavroulia et al., 2016; Jager, 2017). 

Some examples of student attributes are: 

 

 inclination to follow the teacher’s instructions - related to attitude to teacher and subject 

 distractibility, e.g. by noises, conversations 

 tendency to ask for help or to ask questions. 

 

But these student-specific attributes may not be the best predictors of the next state a student 

agent moves into. What is happening at each moment in a lesson matters. For example, from a 

student’s view: 

 

 am I finding the current activity boring or too easy or too difficult? 

 am I so tired I can’t concentrate? 

 are my friends participating – whatever they are doing I might be inclined to copy? 

 

As part of the agent-based modelling process, the most relevant factors are selected to become the 

agents’ attributes. In addition, out of all the possible actions of the agents, some are selected for 

modelling. These become the agent states. In this project, the following student agent states were 

selected (the colour-coding showing which states are considered productive, disruptive, or other (e.g. 

resting)). There is a similar list for teachers. 

 
Table 1 Brief descriptions of student states

 

State Description 

1 Being disciplined by teacher or TA 

2 
Unproductive, away from own desk and 

distracting others 

3 
In own seat chatting, distracting, socialising, 

turning around etc. 

4 
Intentionally unproductive, not participating, 

but not distracting others 

5 Class being told off 

6 
Unintentionally unproductive: not learning, but 

not disturbing others 

7 
Not sure if productive: just sitting, not 

disturbing others 

8 Working alone 

 

 

State 

 

Description 

9 Working with others 

10 Expressing knowledge to the class 

11 Being appreciated or praised by the teacher 

12 Listening to / interacting with teaching 

13 
Receiving individual instruction or support 

from the teacher 

14 
In a group receiving instruction from the 

teacher 

15 
Receiving instruction from the TA in the 

classroom 

16 
Gone out of classroom with the TA support 

group 

17 None of these (e.g. left room) 

A classroom is definitely a complex system (Abrahamson, Blikstein and Wilensky, 2007; 

Blikstein, Abrahamson and Wilensky, 2008; Keshavarz et al., 2010; Burns and Knox, 2011) and 

student behaviour will be difficult to predict. The next state of the teacher, however, is less capricious. 

In general, the teacher is either following the lesson plan or temporarily side-tracked by having to 

manage student behaviour or provide unanticipated additional support. Given a lesson plan, it is 

anticipated that it will be possible to produce a realistic simulation of a teacher, with variable 

attributes (such as the tendency to offer individual help or the level of strictness). Hence an outline 

lesson plan is an essential input to a simulation. 

 

3 DATA COLLECTION 

A pilot study was conducted at a small UK secondary school and involved 67 students and 7 teachers. 
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Besides using questionnaires to obtain data for some of the agent attributes, a significant amount of 

effort was invested in collecting data about agent states (activities), with 40 lessons observed and over 

20,000 events (state changes) recorded. The intention is to derive some generic student profiles based 

on an analysis of the combination of questionnaire data and event data, using Principal Components 

Analysis to reduce the number of factors and Cluster Analysis to identify student groupings.  

These data provided useful estimates for agent states, data that do not seem to be available in 

published research. For example: 

 The length of time students work before chatting or taking a break. 

 The length of time students receive individual help from a teacher or teaching assistant. 

Although much classroom data collection is still conducted using paper forms, there is increasing 

use of software tools to ‘mark-up’ event data directly (see for example Vosaic Connect 

(https://vosaic.com accessed 6 January 2018)). The lesson events data collection instrument developed 

for this project is unique and efficient, enabling an observer to record multiple events within seconds 

of each other. The Microsoft
®
 Excel (2016) based program (screenshot in Figure 2 below) captures 

the student and teacher states; it also records teaching assistant participation. It creates a log of events, 

a series of time-stamped agent states. With some additional processing these log files provide student 

and lesson statistics, as well as being the input to the visualization program, described next. 
 

 
 

Figure 2 The event data collection user interface showing students in groups, in states and participating 
 

As with all classroom data collection, the observer has to make subjective decisions about how to 

interpret and then classify an observed event. It is critical that the observer is completely familiar with 

the identified states of the teacher and students. 

Some results from the analysis of these data are described in section 5. A second phase of data 

collection is planned. This will seek to obtain more accurate values for those agent attributes and 

states that have been identified as a result of deeper conceptual modelling.  

 

4 DATA VISUALISATION AND SIMULATION 

The screenshot in Figure 3 below shows a version of the NetLogo-based visualization and simulation 

program (VizSim) during a run of a lesson visualization. (NetLogo is a popular, open-source agent-

based simulation package available at https://ccl.northwestern.edu/netlogo/ accessed on 27
th
 

September 2017). The log file produced by the event data collection program during one lesson was 

the input to the program.  

Although the text is unreadable until one zooms in, one can see that most of the screen contains 

various attempts at displaying what is happening to individuals and to the class as a whole. The 

middle section includes a representation of a classroom with students at their desks, the teacher (wolf) 

is currently helping one student at his/her desk, as is the teaching assistant (cat).  

What can’t be seen are the dynamic links that form and disappear during student-student, student-

teacher, and student-TA interactions. The colours have significations, for example green represents a 
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‘productive’ state, blue a ‘resting/other’ state and red a ‘disruptive/distracting’ state. The background 

of each student becomes pinker as their level of disruptiveness persists. 

The right-hand side covers setting up a classroom and/or lesson and includes controls for the 

visualization and simulation, primarily for choosing a model and setting its parameters. This side also 

includes the controls for making changes to the classroom or agents as part of a simulation, e.g. 

moving a student, or changing teacher attributes or the lesson plan.  

During the visualisation, the software accumulates detailed and summary data which can be used 

to compare actual lessons with simulations, or to compare agents, lessons or classes. 
 

 
Figure 3 The Simulation-Visualization program (VizSim) 

 

5 PRELIMINARY DATA ANALYSIS 

To date, data from 51 students and 21 lessons have provided values for a range of agent attributes and 

model parameters, quantifying many lesson activities. It is hoped that analyses of the questionnaire 

data in conjunction with the event data will enable construction of the all-important student profiles 

and teacher profiles – thus making it possible to allocate a profile to an agent for a simulation. A few 

results concerning student states are shown below. The states were described in Table 1 in section 2.  

The histogram in Figure 4 below shows the relative frequencies of the time students spent 

working alone (state 8). The long ‘tail’ is caused by a few students who can work for extended periods 

alone, and were allowed to. These data are not showing how long students can study alone before 

needing a break: the data show how long they did study alone before either taking a break or being 

interrupted (by the teacher, for example). From these data, one could model an imaginary ‘average’ 
student as spending a mean of 120 seconds working alone, and, in simulations, use a suitable 

probability distribution to generate random durations. 

The student states are classified as either productive, disruptive or ‘other’ (see Table 1 in 
section 2). Table 2 below shows the proportions of these states for three the students, together with the 

overall averages. The variations illustrate that a model should not use average values to represent an 

imaginary ‘average’ student, but rather that different profiles should be used to model different types 
of students. 

One of the results from the event data is a set of state transition matrices (STM) which provide the 

relative probability that a student will change from one state to another. The overall STM produced 

for all students in all lessons could represent the behaviour of an imaginary ‘average’ student, 
although an STM for each profile type would be preferred. These STMs can also provide parameter 

values for more specific rules of agent interaction. Together, a student STM and a teacher STM 

enable a purely empirically-driven stochastic simulation. 
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Figure 4 Length of time students worked alone (state 8) 
 

 

Table 2 How much of a student’s lesson time is productive, disruptive or ‘other’? 
 

Student REF Productive Disruptive Other 

709 99% 0% 1% 

812 84% 11% 4% 

1001 86% 1% 13% 

Average (51 students 

during 21 hours) 
90% 4% 5% 

 

 

With the values provided by these data it is possible to provide models with empirically-based 

parameter values. 

 

6 SOME INITIAL MODELS 

Since constructing a simple production-rule model (3 student states, no teacher) to assess project 

feasibility, and then the subsequent data collection, a few other conceptual models have been 

developed: 
 

1. Random state transitions – everyone changes states randomly; while obviously unrealistic, this 

does provide a performance baseline. 

2. Empirical State Transition Matrix – the next state is the one most likely, based on historical 

data; this model also is inherently unrealistic, mainly because agents are not interacting. However, 

it also provides a sort of baseline: if the proposed model performs similarly to the empirical data, 

then the model is promising.  

3. The ‘Max{P,D,R}’ model – discussed below. 

4. Plausible Rules – discussed below. 

6.1 The Max{P,D,R} model 

In this simple model, student agents can be in one of three states, Productive, Disruptive, or Resting, 

and the teacher has one state, teaching. At each tick of the simulation clock, each student has to decide 

whether to stay in the current state or switch to one of the other two states. The idea is to sum all the 

factors that tend to increase or decrease productivity, disruption and resting, and so calculate scores 

that reflect the student’s inclination to be in those states, and then choose the state with the maximum 

score (or at random if equal maxima). The three scores are: 
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Concept Construction Variable 

Productive 

Score 

Add response to teacher, add influence of others being productive, add 

factor for proximity of teacher. 
P 

Disruptive 

Score 

Add opposite response to teacher, add influence of others being disruptive, 

subtract factor for proximity of teacher, add factor for need to socialise. 
D 

Resting 

Score 

Add opposite of energy level, add influence of others resting, subtract factor 

for proximity of teacher. 
R 

 

This model assumes that student behaviour is influenced by the following student attributes as 

well as by two well-known dynamic factors: the proximity of the teacher, and what their friends are 

currently doing. 

 

 

Influence of peers 
One of the assumptions is that a student may be inclined (according to their attribute values) to copy 

friends and do the opposite of ‘enemies’. The ‘Friendship’ data were obtained from questionnaires 

completed by students. At each tick of the simulation clock, for each student, a count is taken of the 

state of friend, ‘enemy’ and ‘indifferent’ colleagues, leading to 9 totals: 
 

Attitude to the other student  Friend 
Indifferent  

(or not mentioned) 
‘Enemy’ 

No. of students being productive Fp Ip Ep 

No. of students being disruptive/distracting Fd Id Ed 

No. of students ‘resting’ Fr Ir Er 
 

These totals are combined and used as shown below. In addition, the user is given some control 

over the relative weighting of each of these influences: 
 

Variable Description 

 Sensitivity to influence of teacher 

 Sensitivity to influence of peers 

 Sensitivity to proximity of teacher 

 Influence of energy-level 

 Influence of need to socialize 
 

The final formulae, where N is the number of students in the lesson, are: 
 

Inclination to be Productive � =  [  +  �− ��− + � � �] 
 

Inclination to be Disruptive � =  [ −  +  �− ��− − � � � + ] 
 

Inclination to Rest  � =  [ −  +  �− ��− − � � �] 

Relevant student attributes  

Inclination to follow the teacher’s instructions and be productive;  
1-t is the inclination not to comply with the teacher’s instructions 

t 

Need for social interaction (assumed to mean disruptive activity, chatting etc.) s 

Inclination to copy other students (response to ‘peer pressure’) c 

Inclination to rest (basically a measure of energy level) e 

Teacher proximity  

� � � = + .  ×  � �� −  

The influence of the distance between student and teacher: being closer to teacher 

increases productive score and reduces other scores. It is based upon the NetLogo ‘patch 
distance’ between a student agent and the teacher, which is at least 1 unit: Tprox 
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The model proceeds by calculating the three scores then choosing the state with the maximum 

score (at random if equal maxima). The controls for α, , , r and d can be seen in the bottom-right of 

the simulation program screenshot in Figure 3 in section 4. Figure 5 in section 7 is a screenshot of the 

Max{P,D,R} model in use. 

The development, tuning, testing and assessment of this model is still to be completed. However, 

the model has numerous drawbacks, so it is unclear how much benefit will arise from pursuing it. 

6.2 Plausible rules models 

It is here that the complexity of the classroom dynamics is being addressed. The interactions between 

the agents are being specified using a production-rule-based method (with stochasticity). The 

approach is to take an observation about what happens in lessons and abstract a rule or principal that 

might be at work. For example, teachers of all kinds will have experienced waiting for students to 

respond to an instruction, such as ‘Let’s get our books out’ or ‘Now try the next question’. Students 

take different lengths of time to respond, and go about the task differently, perhaps directly or perhaps 

first looking through their bag, etc. Some show their high motivation, some show their rebelliousness. 

A simplified student rule to convey this behaviour might be: 
 

If the teacher is not teaching and I am expected to be working alone and I’m not, and I 
have delayed an amount of time that reflects my commitment to this lesson, then I’ll start 
working. 

 

In the current NetLogo simulation this rule would be formalised separately from the simulation 

engine using the format #rule-id #condition #action 
 

#student,70 

#( [ state ] of the-Teacher != 12 ) and ( Expected-Student-State = 8 ) and  

 ( NotInState [8] ) and WillingnessExpressed  

#8 
 

In this example, the student’s ‘willingness’ is needed to determine a ‘response delay’ for a 
student. Values for this attribute, called subject-willingness, were derived from the questionnaire data, 

coded as a score on a 5-point Likert scale. A variable was defined to quantify how much delay each of 

the 5 levels of subject-willingness would cause: if student's willingness is 1 then wait 2 seconds, if 2 

then wait 4 seconds etc. The function WillingnessExpressed could then be defined: 
 

set WILLINGNESS-WAIT [ 2 4 8 16 32 ] 
 

to-report WillingnessExpressed 

 report (state-tick-count > (item (subject-willingness - 1) WILLINGNESS-WAIT)) 

end  
 

This example highlights the interplay between conceptual modelling and data collection. The 

model requires data for response delays. Although the values 2, 4, 8, 16 and 32 were not established 

from empirical data, these values will eventually be determined from the already collected event data. 

However, if this had not been possible, now that a need has been identified, a further round of data 

collection could supply the missing values. 

This approach results in many rules and the creation of numerous new variables. The creation of a 

comprehensive set of rules that recreate lessons acceptably accurately is seen as the core of this 

research. 

 

7 FUTURE ACTIVITIES 

The screenshot in Figure 5 below shows a lesson visualization and simulation running in parallel. 

 Just a glance at the plots shows that the simulation (right) has not matched the actual events (left) 

(but the simulation was running the simplistic Max{P,D,R} model). There is still much to do before 

the project has a validated ABS capable of investigating the scenarios proposed as research questions, 

thus making a contribution to teaching analytics and decision-support for schools. In particular: 
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 the formulation of metrics that characterise lessons, classes and agents, and which can be used 

to compare them, ideally visually 

 the exploration of alternative models, tuning and validating them using the empirical data 

 comparison of simulation outputs, using established methods and some novel approaches. 
 

 
 

Figure 5 Running a visualization and simulation side-by-side 
 

The intention is to a pursue the development of ‘production-rules’ to describe agent decision-

making, incorporating any other methods that prove useful (Balke and Gilbert, 2014). The aim is to 

produce a model that adequately represents the dynamics of classroom lessons and has good face 

validity. Such a model might be quite complex and challenging to analyse. This approach is in 

keeping with the ‘keep it descriptive stupid’ (KIDS) approach described by Edmonds and Moss 

(Edmonds and Moss, 2005). They pointed out that it might be more effective to start with a relatively 

complex model that more accurately describes the real system, rather than the ‘keep it simple stupid’ 
(KISS) approach which advocates starting as simply as possible. In both approaches, improving the 

match between the model and reality is typically associated with increasing complexity, but both 

approaches can lead to simplifications as relationships are discovered and the most important factors 

identified. 
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ABSTRACT 

There is an ongoing concern among those applying operational research in healthcare about the limited evidence of 

implementation of modelling. This paper explores whether and how the development of generic models can impact 

on implementation. We discuss the designing of a basic generic simulation model of a hospital ward and its 

redevelopment into a generic intensive care unit model.  

We discuss the features of the models that make them generic as well as how the models represent the problems 

under consideration. The implementation of the models so far is considered along with ongoing work to make them 

more widely available. Generic modelling and model redevelopment are also discussed more generally. 

 

Keywords: Generic Modelling, Discrete Event Simulation, Model Redevelopment 
 

1 INTRODUCTION 

A lack of implementation of modelling has been a concern in healthcare operational research (HOR) for 

some time. Lagergren (1998) cites a 1981 survey which found that only 16 out of 200 health related 

project recommendations had been acted upon. Eldabi et al. (2007) review the use of simulation in 

healthcare, they observe that the impact of simulation is weak and Jun et al. (1999) expect that “future 
modellers will continue to face difficulties implementing their results”. More recently Brailsford and 

Vissers (2011) review of both conference and published papers revealed a “depressingly low 
implementation rate”. 

This paper reports on an ongoing project exploring the potential of generic models to increase 

implementation of HOR within United Kingdom (UK) healthcare systems. We will discuss two generic 

models, the first is a fairly simple model designed to allow decision makers to explore the number of beds 
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required for a new/remodelled ward. The model allows managers to explore the potential impacts of 

reducing delays in discharging patients and increasing demand. The second reuses and extends the first 

model to apply to intensive care units, which care for critically ill patients and experience different 

pressures to a more general ward. 

Following discussion of the separate models, we consider the benefits and limitations of generating 

such generic models and the redevelopment of models for similar problems.  
 

2 BASIC MODEL 

Exploring the number of beds required for a new hospital ward or one undergoing changes under a range 

of scenarios is a straightforward and natural application of discrete event simulation (DES). Simulation 

takes account of variations in the arrival rate and the amount of time patients stay on the ward to explore 

how the utilisation of the ward should be expected to vary. 

In order to build a generic model for a hospital ward, we need to consider the features of a typical 

ward, as well as the variation in the arrival rate and length of stay. There is a requirement, introduced in 

2011, that in the UK “all hospital accommodation is same-sex” (Care Quality Commission, 2015). This 

means that the division of the ward into a combination of same-sex multi-bed bays and single rooms is an 

important consideration. If only single rooms are used then they will automatically be same-sex and the 

issue is resolved and it is only the capacity of the ward that needs to be considered. However, it is more 

expensive to build and staff a ward of single rooms, and in some circumstances such as rehabilitation 

sharing a bay with other patients can actually assist patient recovery (Department of Health, 2008). 

Therefore, our simulation model needs to allow users to input different ward configurations, in terms of 

the number of single beds and the size of any bays used. The model takes account of the same-sex 

requirement when assessing if there is space for the patient. 

The model is implemented using the commercial DES software Simul8, the need for users to have 

access to this software is a limitation to the use of the model. Assuming that potential users of the model 

have access to the software, we do not assume that they will be familiar with it. However, they are much 

more likely to be familiar with Microsoft Excel, so we have developed a generic interface using this 

software. Figure 1 is an example of part of the interface.  

 

 

Figure 1 A screenshot of part of the interface for the basic model 

In a generic model the flexibility to model different systems should come from making changes to the 

input data (Fletcher and Worthington, 2009; Ki Mascalo and Gouin 2013). In our model the configuration 
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of the ward (discussed above) is set in the spreadsheet, along with all of the data input. The patients can 

be divided into up to five different groups, these could represent different types of condition, age groups, 

or any other division that effects either the arrival rate or the amount of time required on the ward (length 

of stay), for the particular ward being considered. The arrival rates and empirical lengths of stay data are 

all entered via the user interface. The interface allows users to enter raw numbers from their data and then 

transforms these into the format required by the model. This is all intended to make the use of the model 

straight forward. The interface also includes features to assist the user in setting up scenarios involving 

changes to patients’ lengths of stay and/or demand for the ward. 
Figure 2 shows the simulation model for this problem. Its structure is simple with patients arriving, 

queuing to be assigned a bed, if a bed can be assigned moving to the ward, if a bed can’t be assigned 

waiting in the queue for a bed and leaving the ward when their stay is complete. The queue for a bed is a 

virtual queue as it is assumed that patients wait elsewhere in the hospital for transfer. 

 

 

Figure 2 The basic simulation model 

The most complex aspect of the model is the logic used to ensure that patients are only moved into 

the ward if same-sex accommodation is possible, this includes moving existing patients between beds if 

that creates a suitable bed for the new patient. 

The results collected include, the utilisation of the ward, the number of patients queuing and the 

amount of time for which they queue, as well as the number of patients transferred between beds. Table 1 

is an example of the results for different bed configurations, with the model run for 1 year (approximately 

650 arrivals) following a 1 year warm up period. This set of results shows the impact of changing the mix 

of single rooms and bays of four beds. As the number of single beds increases to around 10 the average 

waiting time and queue length for entering the ward go down, but the number of transfers occurring 

increases. As the number of single beds increases beyond 14 the number of transfers drops, as single 

rooms create greater flexibility in finding suitable accommodation for patients. 

Table 1 Sample results for a range of bed configurations 

Scenario Input Scenario Results 

Size of 

Bays 

Number of 

Bays 

Number of 

Singles 

Avg. Wait 

(days) 

Avg. 

Queue 

Avg. % 

Occupancy 

Number of 

Transfers 

0 0 50 0.6 1 87.5 0 

4 12 2 2.4 5 87.4 48 

4 11 6 1.5 3 87.5 97 

4 10 10 1.0 2 87.5 117 

4 9 14 0.7 1 87.5 123 

4 8 18 0.6 1 87.5 115 

4 7 22 0.6 1 87.5 101 

4 6 26 0.6 1 87.5 87 

4 5 30 0.6 1 87.5 71 
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The results of this model are currently being used to assist the selection of the number of beds and 

layout of a new ward at a hospital in Hampshire.  

 

3 INTENSIVE CARE MODEL 

In intensive care units (ICUs) where the most critically ill patients are cared for, the equipment required is 

complex and expensive and high staffing ratios are required. The annual running cost of an ICU bed in 

the UK is approximately £361,000 (Griffiths et al., 2010). It is important to balance the need to have 

enough ICU beds to avoid delays in caring for critically ill patients, with concern that running ICU beds 

that are not used would be poor use of limited resources. DES modelling can be used to assess the number 

of ICU beds required for scenarios of possible future demand. As for the basic model, there is variability 

in both the arrival rates and lengths of stay of patients. The main differences are that gender is not a 

consideration as ICUs are exempt from the same-sex accommodation rule, and that ICU patients can only 

wait limited time for a bed to become available before they must be transferred elsewhere of have their 

operation cancelled.  

In an ICU the groups into which patients naturally divide are based on the level of care they require 

and whether they will require more than one level of care during their stay. 

We have started with the basic model discussed above and redeveloped it to become a generic ICU 

model. We implement a user interface based on that discussed above, but with more data required for the 

additional features of the model. As shown in Figure 3, the model is more complex than for a more 

general ward. The following features have been added: 

 

• As the arrival rate varies with time of day, the arrivals are split into two time bands, this also 

allows users to reflect the different types of patients arriving at night. 

• If there is insufficient capacity for a patient in the ICU, they are sent round a ‘loop’ so that a short 

wait occurs before re-checking if there is sufficient capacity for them. This allows time for a bed to 

become available. 

• Patients will go through this loop until the maximum waiting time for their patient type. At the 

end of this time they will be transferred elsewhere. In reality patients would be transferred earlier if it 

seemed unlikely that a bed would become available, however, the important result is the number 

transferred, so we don’t model this detail. 
• The two different levels of patient need are modelled separately, as they have different staffing 

requirements and to allow patients to be moved between levels as needed.  

 

 

Figure 3 The simulation model of a general ICU 
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As for the basic model the interface allows the user to create scenarios based on combinations of 

reducing patients’ lengths of stay and changing the demand for the ICU. 
The results of sample scenarios have been presented to our local ICU network managers. They have 

access to the Simul8 software, and we have provided the model and a detailed user guide to enable them 

to use the model for any ICU within the network. 

 

4 IMPLICATIONS FOR GENERIC MODELLING  

Due to its simplicity and the setup of the interface the basic model could be used by those without HOR 

specific knowledge. The intention being that implementation of a ‘simple’ model should be easier to 
achieve. The results from the model are being used in decision making within the trust with whom it was 

developed. An unexpected issue that has arisen during this process has been a lack of awareness of the 

behaviour of queues among some of the decision makers. For example, an expectation that if you have 5 

less beds the queue will be 5 patients longer. We are currently developing supporting material to address 

this type of issue. This implies that even for a basic generic model support is needed for the interpretation 

of the results. 

Fletcher and Worthington (2013) have made the point that users of generic models should not be 

required to invest in specific software. Both of the models discussed here use Simul8, which is available 

at some healthcare organisations. We are currently looking into ways of making the models freely 

available. If that is not possible we will consider other software for future models of this type in future. 

The need to significantly re-develop the model for use in ICU demonstrates the need to be clear on 

the boundaries within which a generic model can be applied.  

Redeveloping the basic model rather than starting from scratch, saved time particularly in terms of 

planning how to operate a user interface to allow scenarios to be generated outside of the Simul8 

software. It has also reduced the time taken to validate the model, as part of this process had already been 

undertaken. 

 

5 ONGOING AND FUTURE WORK 

As mentioned previously the basic model is currently being implemented in one organisation. We will 

continue to work with them to monitor how the process unfolds and to identify potential improvements to 

the model. Likewise we will maintain contact with the ICU network managers who have copies of the 

ICU model. 

We intend to make the models publically available in the near future. Alongside this process we will 

set up surveys to keep track of how the models are used and thus monitor their implementation. This 

process will allow us to improve our understanding of the requirements for implementation of generic 

models and thus the impact of future work. 

There are a number of ways in which the ICU model could be further refined to more accurately 

represent the movement of patients through ICUs. In creating future models the balance between the 

complexity of the model; for a generic model this includes the complexity of the user interface and the 

accuracy needed to enable decision making will be important. 

There is scope to explore the use of generic modelling in a wide range of applications. We hope that 

the results of this ongoing work will assist others in creating and implementing generic models in other 

areas of HOR and operational research more broadly. 
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ABSTRACT

With an increase demand for endoscopy services, there is a greater need for improving the efficiency of patient care

within gastrointestinal (GI) endoscopy units. This project evaluates the operational performance of an endoscopy

unit, and proposes ways to increase both the efficiency and the patient experience through a reduction of patient

Length of Stay (LoS). Process times were collected and analysed, and a Discrete Event Simulation (DES) model

of a five rooms unit was built. After validation of the model using a baseline scenario, alternative configurations

of the system were tested; these included altering appointment schedules, physician schedules, as well as changing

admission, procedure and recovery configuration. Several what-if scenarios were analysed and a set of potential

changes to improve the service efficiency and patient experience, with no extra investment required, were presented

to the Hospital trust involved in the project.

Keywords: Endoscopy unit, discrete event simulation, efficiency, patient experience, optimising existing

capacity.

1 INTRODUCTION

Changes in demography and population health status, as well as new strategies to improve population health

and new technology roll-out, such as NHS bowel cancer screening programmes, have led to an increase in

demand for endoscopic procedures across the UK. With the increase in demand, there is a greater need for

achieving efficiency of endoscopic resources and to improve the patient experience within GI endoscopy

units.

DES is a flexible modelling methodology used extensively to evaluate and improve healthcare systems.

Berg et al. (2010) used DES to evaluate operational performance of a colonoscopy suite, with an analysis

of endoscopist/room ratio, turnover time, and patient waiting time. Joustra et al. (2010) used a combination

of DES and Integer Linear Programming to reduce the access time of an endoscopy department. Berg et al.

(2013) used DES to estimate the cost of no-shows and to determine improved overbooking scheduling

policies in an endoscopy department. However, DES remains an underutilized tool in endoscopy units.

This study applies system modelling and DES to identify interventions within the patients and clinical

staff flows that can help improve efficiency and patient experience in an endoscopy unit of a large NHS

hospital. We focus on the identification of simple-to-implement changes to reduce the patient time in the

endoscopy unit.

The paper is structured as follows. Section 1 introduces the problem and research aims; Section 2

presents the research methods and design; The intervention strategies and results are presented in Section

3; Section 4 presents a discussion; Finally, Section 5 focuses upon conclusions and study limitations.
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2 METHODS AND DESIGN

The study was conducted at the Frimley Park Hospital endoscopy unit, part of the Frimley Health NHS

England Foundation Trust. The hospital provides acute services to a population of 400,000 people across

North-East Hampshire, West Surrey and East Berkshire. The hospital employs almost 3,700 whole time

equivalent staff and has around 750 beds. The Trust hosts a Ministry of Defence Hospital Unit with

military medical, surgical and nursing workforce fully integrated into the NHS staff. The project was lead

and managed by NHS England Wessex Clinical Network (CN), an it was overseen by an interdisciplinary

steering group which consisted of staff from the endoscopy unit, hospital managers, and members of the

CN.

The endoscopy manager led the retrospective data collection. Staff interviews within the endoscopy unit,

process mapping and time motion study, simulation ideation, development and data analysis were led by

the author. Simulated results were first discussed and presented to the service manager; these presentations

served to validate and demonstrate the reliability of the results of the simulation when different parameters

were modified.

2.1 Endoscopy unit setup

The unit consists of: 5 endoscopy procedure rooms; 1 patient general waiting area; 3 pre-procedure rooms

for male and 3 pre-procedure rooms for female patients (where patients are prepared for their procedure,

i.e. placement of intravenous catheter (IV), pre-procedure paperwork completed and informed consent); 2

additional waiting areas as part of the pre-procedure zone (gender specific areas); 2 recovery rooms (gender

specific areas) with 7 beds each; 1 waiting area or discharge lounge where patients wait for a discharge;

and 1 discharge room. Administrative, storage and cleaning areas were excluded from the analysis.

The unit is open from 8am to 7pm Monday to Friday and provides a 24-hour emergency service; there

are no weekend procedures performed except in cases of emergencies. 9 elective sessions per day are

performed on a base of 12 endoscopy points each (unless training). One session per day is reserved for

inpatient emergencies.

Patients arrival times are as follows: AM sessions: 8 am and 10 am, 6 points for each time; PM

sessions: 1 pm and 3 pm, 6 points for each time. Consultants arrive at 9 am for morning list, and 2 pm

for evening list.

The unit is staffed by a combination of full-time employees and variable number of per-diem staff:

1 endoscopist and 2 nurses per endoscopy room; 3-4 nurses in each of the 2 recovery areas; 2 nurses

admitting and consenting patients; 3 preparation rooms in each area (for male and female) and 1 circulating

nursing manager (present on the floor in the preparation and/or recovery area to oversee workflow and

manage any issues that may arise during the course of the day).

The most common endoscopic procedures are investigations of the digestive system: Gastroscopy,

Sigmoidoscopy, Colonoscopy, Percutaneous endoscopic gastroscopy (PEG), Endoscopic retrograde cholan-

giopancreatography (ERCP). In addition to the gastroenterological endoscopies, the unit also offer Bron-

choscopy and Cystoscopy.

2.2 Process mapping and time motion study

A time motion study was conducted for a period of a week, following and observing clinical staff and

patients. The scope was limited to observing the activities within the endoscopy unit, from patient arrival

to discharge.

Prospective and retrospective data was used in this project. Three datasets were extracted from the

hospital IT system, and anonymised by staff from the hospital. The first dataset contains the activity

performed at the endoscopy unit between September 2014 and August 2015, including a record of patient

arrival and discharge times. The second dataset summarise the procedures not carried out on the endoscopy

unit in the same period of time. The last dataset includes the cancelled procedures on the endoscopy unit.
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Figure 1 High level process map for endoscopy department. Grey area represents the project scope. A colour

coding was used to represent the value added of different activities.

The research team carries out the time motion study of the process using a mix methodology, including

time keeping, clinician and nurse estimations, paper-based data collection, and literature review, due to the

tight deadline to deliver the project.

A process mapping and cross functional flowcharts was developed based on information provided by

staff of the endoscopy department. Differences were noticed between the actual steps and the steps that

staff described, as well as minor practice variance among nurses and endoscopists. For this study, the

process steps that most staff members actually taken are adopted and analysed. Figure 1 shows a high

level process map of the system.

The collected information was evaluated for outliers and their impact on estimating the service distribution

function was analysed. From September 2014 to August 2015, 13226 diagnostic procedures were analysed.

Mean number of patients per day was 46 (SD 12.7), showing a large variation in points allocation over

different days within the time period. Another key point is related with patient LoS; 40% of the day case

patients spent 4 or more hours at the Endoscopy unit. In terms of LoS, 60% of the day case patients has

a LoS > 3 hours, 40% of them expended 4 or more hours at the unit. The scheduling system used at the

unit were also observed from the dataset, with a high frequency of patients been admitted at 8am, 10am,

1pm, and 3pm. High proportion of the discharges are performed at the end of the morning list.
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Figure 2 Endoscopy layout plan, Simul8 components, and movement route of patients and staff.

2.3 Simulation model

A DES model was developed using the software Simul8 (SIMUL8 Corporation). The model was based on

the process maps and data described in the Section 2.2. The input data consist of three components:

• Service demand, including records for arrivals, cancellations, patient demographics, endoscopy case

mix.

• Process time distributions, estimated from the time motion study data.

• Resources and patient journeys through the service, estimated from the time motion study and

information provided by the endoscopy manager.

The objective of the simulation model was to analyse potential improvements in the current operation

of the endoscopy unit, and to measure the impact of operational changes to improve throughput balancing

resource use and reducing the patient LoS at the unit. The computer simulation approach also allows the

hospital teams to visualise departmental processes and interactions before any significant system changes.

Figure 2 shows the Simul8 components (work items, entrance, activities, queues, exit and resources)

and movement route of patients (entities) and staff (resources) added into a simplified version of the

layout developed as part of this project. Simulation properties, such as process time distributions, patient

demographics, endoscopy procedure case mix, staff working hours, patient appointment systems, endoscopy

sessional allocation, cancellations, etc., were added to the model so that various ’what if’ scenarios could

be analysed.

The baseline simulation model was developed using the assumptions listed as follows: No late-

cancellations were assumed in the model, as well as no contingency points for training lists. The point

system used currently at the unit was used to weight the procedures and to schedule the capacity, e.g. 2.2

endoscopy points for colonoscopy and 1.1 for and OGD, means that more points than the National Joint

Advisory Group on GI Endoscopy (JAG) recommendations are assigned (JAG recommends 2 points for a

colonoscopy, and 1 point for an OGD procedure).

Using information from the endoscopy unit, an average of 60 patients appointed per day was simulated.

Master timetable (endoscopy sessional allocation) provided by the endoscopy manager was used, including
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5 rooms, 9 elective sessions per day, 12 points each session. One session per day was reserved for inpatient

emergency (JAG recommendation is 1-2 points per list for emergencies). No ward rounds into analysis.

Workforce sessional allocation, including staff availability was modelled using information provided

by endoscopy manager, as described as follows: 2 nurses per endoscopy procedure room, with the first

nurse responsible for calling patient from admission and transporting them to recovery after procedure.

3-4 nurses in each recovery room. 3 nurses admitting patients.

5 endoscopy rooms and 3 preparation rooms, fully equipped and always available, were assumed. atin

the unit. For morning sessions, patients are booked at 8 am and 10 am, with a maximum of 6 points each

time. For evening sessions, patients are booked at 1 pm and 3 pm, with a maximum of 6 points each time.

Consultant arrives 9 am for morning lists, and 2 pm for afternoon list, by which time patients are already

admitted by a nurse.

2.4 Model validation

The output from each simulation model consists of several metrics, including dairy room and staff utilisation

rate, and patient LoS. After the patients and staff flows were simulated, and the parameters were estimated,

we tested the baseline model against the hospital patient records, and an independent set of patients time

in endoscopy collected by one of the nurses during two days. The estimated error of the simulation model

against the Electronic Patient Records (EPR) was 10%, and 9% when compared with the independent data

collection.

3 INTERVENTION STRATEGIES AND RESULTS

3.1 Strategies and potential improvement

On completion of the validation of the baseline model, it was used to evaluate new scenarios. Scenarios

for the model were developed based on follows key sources:

1. Input and observation from staff members of the endoscopy unit.

2. Observations from the team who conducted the study and built the DES model.

3. Changes to endoscopy unit structure or processes that in the medical literature have been shown to

improve efficiency.

Only modifiable factors with no extra investments (such as scheduling and staff) were considered given

that facility factors (e.g. number of rooms) were decided to be fixed by the project steering group. The

assumption of nothing changes except factor (or factors) being studied was used in this work. Table 1

includes a summary of individual simulation performed with the simulation model.

All the parameters and distributions were based on historical data, and SPSS (IBM SPSS Statistics 21.0)

was used to develop Statistical distributions that matched historical data with a high degree of confidence.

3.2 Results of simulation

As mentioned above, the researcher observed differences between the processes described by the staff and

the current working practices, as well as differences in the practices between different members of staff. In

this project, and standard patient journey is assumed as follows: arrival; check in; waiting for admission;

nurse interview (admission and consent form signature); waiting for procedure; endoscopy procedure;

patient to recovery; patient monitored throughout the course of recovery; waiting to discharge; discharge.

Figure 3 summarises the results of the simulation modelling, focusing on patient time in endoscopy

unit, and number of patients seen per day.

The x-axis represents the set of scenarios analysed. The two y-axis represents the two KPIs used in this

project to compare the results of the different simulated interventions. Left y-axis represents the patient
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Model ID Simulation models

Baseline Baseline

Impact of endoscopy unit appointment time (1)

S1 60-min: 9-10am, 2-3pm appointments

S2 60-min: 8-9-10am, 1-2-3pm appointments

S3 60-min: 9-10-11am, 1-2-3pm appointments

S4 30-min: 9-9.30--11.30am, 1.30-2--4pm appointments

Impact of recovery room time (2)

S5 Recovery times mean: 15 minutes

S6 Recovery times mean: 30 minutes

S7 Recovery times mean: 45 minutes

Impact of recovery room time (3)

S8 Recovery times mean: 15 minutes

S9 Recovery times mean: 30 minutes

S10 Recovery times mean: 45 minutes

Impact of new working practices (2)

S11 Physician available between 8 am to 3 pm (4)

S12 Physician available between 8 am to 4 pm (4)

S13 Physician available between 8 am to 5 pm (4)

S14 Physician available between 8 am to 7 pm (5)

Impact of Endoscopy procedure time (2)

S15 Endoscopy procedure times mean: 10, 30 or 50 minutes (6)

Impact of Admission time (2)

S16 Admission times mean: 2, 5, 10 or 20 minutes (7)

Impact of Endoscopy room turnover time (2)

S17 Room turnover time means: 5, 10, 20, 40 or 60 minutes (8)

Table 1 Individual simulation performed in the Frimley endoscopy unit model.

(1) Baseline model: 120-min appointment, Patients appointment at 8-10 am, 1-3 pm.

(2) Based on Baseline model appointment system.

(3) Based on 30-min: 9-9.30- ... -11.30 am, 1.30-2- ... -4pm appointments.

(4) Based on 9 elective sessions per day, 12 points each session. One session per day is reserved for inpatient emergencies.

(5) Based on 10 elective sessions per day, 12 points each session.

(6) Set of simulations with Endoscopy procedure time means: 10, 30 or 50 minutes. 5 Endoscopy rooms.

(7) Set of simulations with Admission time means: 2, 5, 10 or 20 minutes. 6 Admission rooms (male and female).

(8) Set of simulations with Room turnover time means: 5, 10, 20, 40 or 60 minutes. 5 Endoscopy rooms.

Figure 3 Results of the simulation modelling: Patient time in endoscopy unit and number of patients seen.
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time at the endoscopy unit in hours and minutes, and the right y-axis shows the number of patients seen

per day.

The patient time in the endoscopy unit is presented using a Box-and-Whisker charts, including the

maximum, third quartile, media, first quartile and minimum value for the replications. The dashed line

represents the patient LoS in the endoscopy unit based on a year of real data from the unit.

The number of patients are represented by red dots, with a solid red line presenting the average number

of patients seen based on the retrospective data analysis.

4 DISCUSSION

In this study, a DES of an endoscopy unit was developed to analyse the impact of different factors in

the performance and efficiency of the unit including patient experience (represented as LoS at the unit).

Several what if scenarios were analysed, with constraints suggested by the project steering group (formed

by clinicians and managers), for instance: maximum number of patients per day and scenarios with no

extra investments required to the endoscopy unit. Other scenarios such as considering 2-endoscopists per

room were also excluded of the analysis following the steering group suggestion.

DES is one of the options to evaluate and improve a healthcare system, operational research provides

several methodologies to apply analytical methods to make better decisions. An study of Patel et al. (2015)

analysed inefficiencies in a GI endoscopy department, and applied a Lean-Principle redesign. The authors

concluded that although the healthcare system often is criticised for being inefficient and costly, efforts to

redesign delivery processes often are hampered by a lack of training in effective methodology and financial

constraints.

Kaushal et al. (2014) also analysed efficiency in an endoscopy unit. In the study, the authors identified

the pre-procedure and recovery area before patient are wheeled to the endoscopy room for the procedure

as the bottleneck, and proposed a solution based on a dynamic room allocation strategy (i.e., transporting

patients into endoscopy rooms as soon as possible once room turnover was completed). The authors also

proposed a change for the first case of the day each morning: those patients were taken directly to the

endoscopy room and bypassed the pre-procedure area altogether. This strategy was also evaluated as part

of our research, but despite benefits from a work-flow efficiency perspective, it could not be implemented

due to concern about regulatory, legal, and ethical issues related with obtaining informed consent in the

procedure room. Informed consent for GI endoscopy is discussed in Atiq et al. (2015).

In Day et al. (2014), a project undertaken using a methodology similar to that presented in this paper,

observed a patient LoS equivalent to our results, and evaluated the impact of the simulation of 45 and 40

minute appointment times, increasing procedure volume by 30% and 52%, and a decreased patient time

spent in the endoscopy unit. These results are consistent with the results of our research.

Our evaluation identified a limited communication with the patients, and enables the team to identify

practice variance across different staff members and suggests some simple-to-implement recommendations.

These includes standardisation in communication with patients and within the endoscopy unit staff, and in

the administration process flows.

A revision of the protocols for the patient appointment scheduling is suggested. Scheduled start and

finish times should also be reviewed on the site, as well as a causal analysis for delays to start the lists on

time, as both have a huge impact in the prolonged times that patients are waiting at the endoscopy unit,

mainly between the admission and procedure start.

A review of staff functions is also recommended; one of the reasons for delays to the start of the

endoscopy procedure is because of patient transport to the recovery area by one of the procedure nurses.

This could be solved with an assistant transferring patients between procedure room and recovery area.

Another suggestion is to review the flow of patients through unit; this could reduce the contact between

pre and post-procedure patients and improve patient experience.

The point system used at the endoscopy unit should also be reviewed. Endoscopy services at the NHS

uses a points system as a guide to convert the workload to a unit of time, with no standardisation across
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the country. Some units assign 15 minutes to one point, while others assign 18 or 20 minutes. In 2012,

NHS Improvement published a report with best practices guidance for endoscopy services after a review

of 14, the document identified the variation in activity between services as one of the key challenges that

endoscopy services are encountering, with a large variation across sites and seasonal activity between rooms

of the same site. Other potential variations between sites are the session length (some units work with 4

hours for both morning and evening sessions, while others assign 4 hours for morning and 3.5 hours for

evening sessions). There is also an important variation in the maximum number of points allocated to each

list, with an accepted maximum 12 points per list, some units assign 12 points to morning sessions, and 10

to evening sessions, and with a planned activity that varies on a diary base. Points for training also vary,

typically between 7 and 8. Different number of points are also allocated to procedures, e.g: 1 point for

OGD, 2 for colonoscopy, and different ways to adjust for case mix, training lists and emergency patients.

Scheduled start and finish times are also different between endoscopy services across the country.

The analysis of 3 sessions per day was also excluded from the analysis as indicated by the manager

arguing that a third session would not fit into the hospital structure. Weekend sessions were also excluded

from the analysis.

This study indicates that a review of the procedure planning process could result in a 10% increase in

endoscopy room occupancy and an improved patient experience (reduced time spent in the department). A

review of the emergency booking system and the possibility of obtaining patient consent prior to admission

would also facilitate process improvements, as would an increase in flexible nursing roles (admission and

recovery).

Session utilisation should be routinely monitored as low utilisation falls into 3 categories: insufficient

backfilling of lists, high rated of do-not-attendances, and under/over booking.

Room scheduling options review is also recommended, for example to analyse the impact of 1:1

endoscopist to room rate versus 1:2 endoscopist to room rate, comparing the impact of endoscopy room

turnover time with the endoscopist turnover time.

5 CONCLUSIONS

This study applies system modelling and simulation to improve operation performance and patient experience

in an NHS England endoscopy department. This project was developed using a mixed methodology, including

process mapping, time motion study, interviews with clinical staff, analysis of data collected in paper-based

forms, analysis of hospital electronic patient records, and literature review for parameter estimation. A

DES model was developed as part of this project. The model predicts consistently well the endoscopy

process and patient length of stay at the unit.

This project focuses on making the best use of resources (staff, endoscopy rooms, equipments);

identification and reduction of bottleneck; reduction of non value-added activities; process standardisation;

and improvement of patient experience.

The simulation model enables trust team to review different operational elements (e.g., patient arrival

time; endoscopists working hours; staff roles; etc.) and to evaluate the benefits on patient experience and

department capacity utilisation.

Some of the challenges identified in this project are the lack of available data to populate simulation

models; the complexity to access this information when available; and the lack of transferability of knowledge

and tools between NHS organisations.

Final outcomes from the modelling was presented to hospital managers as well as the NHS Clinical

Commissioning Group (CCG) manager, and an evaluation of the implementation of the recommended

changes over three months was agreed with the trust.

Feedback from the CCG shared at one of the Wessex Cancer Clinical Network Steering Group Meetings

concluded that the work was of value. Key actions to be undertake by the Hospital as a result of the

modelling are given below:
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• Reviewing differing operational guidance and patient pathways with a view to identifying any

further improvements, whilst affirming protocol.

• A number of utilisation audits have taken place using the modelling to check were and how the

trust can improve intra and session utilisation.

• Considering differing skill mix both inside the endoscopy room and the unit itself.

• Patient flow including staggered start times: They currently operate staggered times for the patients,

however, are looking to review these as they feel that they have under estimated the amount of

urology Two weeks referral (TWR) reserved slots available.

• The modelling highlighted a need to improve patient communication. Different improvements are

being implemented.

This study has shown the potential value for further formal studies to quantify and optimise existing

endoscopy capacity before major investments in extra capacity, with a potential improvement in the patients

and staff experience, accomplishing the same amount of work in less time.

This study has several limitations, e.g., observer variance, seasonal factors, and the observer effect.

Training lists, and nurse endoscopist lists, where fewer points are assigned; other staff functions as unit-

related functions; and non-clinical activities are not included in the analysis. We believe that the next

logical step is, therefore, the clinical verification of these findings.

There are several directions to further enhance our current simulation model. An analysis focussed

on the patient time being scoped, versus patient time in the room/total list time, could be useful in order

to analyse the importance of the turnaround time, and delays (patients, clinicians, and equipment). We

can introduce additional variables into the analysis, for example costs, to evaluate the impact of the cost-

effectiveness analysis of the proposed interventions. We can also, re-use the simulation model to evaluate

future changes using a multi-criteria decision analysis approach. The methodology presented here, can

be used to evaluate other services, and the simulation model developed can be re-used to evaluate other

endoscopy units across the country.
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ABSTRACT 

Aneurin Bevan University Health Board is unusual in that it has 4 mathematical modellers within its continuous 

improvement team, who have, to date, undertaken over 70 projects for various health board departments. The 

projects have varied from data analytics to determining the optimal configuration of a new service. Whilst the team 

has been very successful and could continue to undertake projects, it has become apparent that other people within 

the health board could, if provided with the necessary tool kit, carry out similar pieces of work. This paper 

documents the case studies of three such health board employees that undertook discrete event simulation projects to 

understand demand and capacity within their services: trauma and orthopaedic and the adult weight management 

service. Whilst the two services are very different, the case studies illustrate the power of using simulation as an 

approach for members of the health board. 

 

Keywords: capability, demand and capacity, simulation modelling, what-if scenarios 
 

1 INTRODUCTION 

Aneurin Bevan Continuous Improvement (ABCi) was started in January 2013 with a team of healthcare 

improvement scientists and mathematical modellers. Since then, the modelling unit has undertaken over 

70 projects within the health board. Whilst not all have focused on simulation, there have been a 
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significant number looking at patient flow within different departments and clinics. More recently, there 

has been a focus on using simulation in demand and capacity modelling as it allows the current system to 

be understood and future scenarios to be considered. For example, a current project has been to model the 

demand on the health board from patients using secondary care and how this might be affected with the 

introduction of a new critical care centre (see poster presented at SW18).  

Between May and the end of October 2016, ABCi developed their Modelling Fellow Programme with 

the aim being to train a small cohort of health board employees in Operational Research techniques which 

would be useful in their day-to-day jobs. The cohort undertook 10 days of taught courses in geographical 

modelling, forecasting, systems thinking, queueing theory, scheduling and rostering and simulation 

modelling. Following on from that, each undertook a self-defined project important to their department. 

This paper focuses on two of the modelling fellow projects which relate to two very different services 

within Aneurin Bevan University Health Board: the adult weight management service and trauma and 

orthopaedic. In both projects, the outpatient service is modelled in its current state and what-if scenarios 

are going to be used to provide useful information ahead of future planning cycles. 

The initial cohort of fellows were identified following an application process where each had to 

complete a comprehensive application form that described their reasons for joining the programme and 

what their project would entail. The description of the course and the application process was sent to 

managers throughout the health board so that they could send on the information to employees that they 

thought would benefit from the course. In both cohorts (2017 and 2018), the programme was advertised 

internally, throughout the health board, a couple of months ahead of the proposed start date. As part of the 

application process, each of the applicants also had to get agreement from their line manager to attend the 

taught part of the course and to commit one day a week on their projects. All the applications were 

discussed by the modelling team and the director of ABCi and mentors (from the team) assigned to each 

prospective fellow (mainly for their project but also as a point of contact throughout the programme). The 

feedback from the application process (2017 cohort) was very positive with many of the cohort explaining 

that the course would allow them to further their skills. A few commented that they found the application 

process challenging, particularly scoping their project. With that in mind we offered cohort 2’s applicants 
the chance to discuss their projects ahead of completing the form which seems to have helped. In each 

cohort, we had to extend the application deadline by a week to allow the applicants time to complete the 

form alongside their day to day roles. 

In cohort 1 (2017), the applicants have been mainly mangers or assistant managers or individuals that 

regularly deal with data and information. In cohort 2 (2018) we have received applications from 2 

Clinical Leadership Fellows (clinicians that apply to the Deanery to be released from their clinical roles 

for a year to undertake a leadership programme) as well as two people from the finance department, one 

from planning and one from Primary Care. It will be very interesting to see how this cohort differs from 

last year’s. 
This paper concentrates on two of the projects from cohort 1 that used discrete event simulation in 

their projects: one in trauma and orthopaedic (see Section 2) and one in the adult weight management 

service (see Section 3). 

 

2 DEMAND AND CAPACITY IN TRAUMA AND ORTHOPAEDIC 

Managing demand and capacity with variation is a complex task. Discrete event simulation can assist in 

helping understand the demand placed on a service and the resources needed to support it. The models 

can capture variation in the system and provide a visual way to understand a complex system. To date, 

simulation modelling has either been done in health boards by specialised units or consultancy firms not 

by health board employees. With the modelling programme, two of the fellows from cohort 1 have been 

able to develop a discrete event simulation to do this for their department (trauma and orthopaedic).  

Each year, all the departments within Aneurin Bevan University Health Board have to release their 

proposed capacity for the Intermediate Term Plan (IMTP) which allows the hospital and Welsh 
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Government to see how many people they plan to treat and how many appointments (new and follow-up) 

they need (demand) and can provide (capacity). For trauma and orthopaedic this is a very complex task 

with over 20 consultants offering over 800 different clinics. To date this has been done using an Excel-

based model which considers the activity in the previous year and then adjusts it slightly for the following 

year with the monthly capacity set at a constant amount. The current approach does not consider variation 

in the system. 

As planning the capacity of the outpatient clinics is such a complex task, two of the modelling fellows 

undertook a joint project to develop a demand and capacity tool that can be used by trauma and 

orthopaedic to understand their demand and capacity throughout the year, capturing variation due to 

seasonality and clinicians working practices. The screenshot in Figure 1 highlights the patient pathway in 

terms of their appointment need for one sub-specialty (arthroplasty). Ultimately, the model will consider 6 

different sub-specialties which should cover the majority of the new and follow-up appointments 

undertaken at the Royal Gwent Hospital for Trauma and Orthopaedic. The simulation model considers the 

new and follow-up waiting lists, the booking process, and the likelihood that patients do not attend their 

appointments and may need re-booking as well as their treatment pathway from new to follow-up 

appointment and subsequent follow-up appointments. The simulation model parameters rely on data 

analysis carried out on approximately 3 years’ worth of data with the potential that these parameters can 

be altered thus allowing “what-if” scenarios to be considered. Whilst, the simulation model is not 

currently complete, it is envisaged that the initial results and impact from the model will be discussed at 

the workshop. Currently, the model is being validated and the benefit of including time series forecasts 

for weekly demand is being evaluated. An autoregressive model using the previous 4 weeks data has been 

considered and is showing very promising results in terms of accuracy in modelling the weekly demand 

pattern (Figure 2). Once the simulation model has been completed for one sub-specialty it can be used for 

a different sub-specialty by altering the parameters that govern the arrival pattern, service times and 

routing (new to follow-up clinic appointment, follow-up to discharge, re-routing after a patient hasn’t 
shown up for an appointment). 

 

 
Figure 1 Screenshot of the trauma and orthopaedic demand and capacity model 
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Figure 2 Weekly forecast model included in the simulation model 

 

3 THERAPY SERVICES 

Aneurin Bevan University Health Board has been running an Adult Weight Management Service 

(AWMS) since 2014. It has seen an increase in referrals each year. The service was designed to cope with 

approximately 1600 patients but in recent years the number of referrals has surpassed that. The service 

has also seen a delay in the time in which the patients wait until they first attend the clinic used to access 

the level 3 Multi-Disciplinary Team (MDT) service (up to a year’s backlog). This delay has had a knock-

on effect on other parts of the service which see the patients in follow-up clinics and as a result those 

subsequent clinics are under-utilised.  

As one of the first cohort, the modelling fellow undertook a project to evaluate and model what was 

happening in the adult weight management service in terms of this initial consultation and the effect it 

was having on subsequent parts of the service. Her focus was on whether the current service was running 

efficiently and whether it should be replicated to offer more new slots to patients currently on the new 

patient waiting list. In particular, the main aim of the project was to improve the understanding of demand 

and capacity for the Adult Weight Management Service MDT Clinic. A simulation model was developed 

to show capacity and resource utilisation of the AWMS facing current demand and then to use the model 

to answer what-if-scenerio analysis thus investigating the impact of different interventions on waiting 

times. 

The project to date has involved both data analysis and clinic shadowing to inform the simulation 

model. The screenshot of the model is given in Figure 3. Patients have an initial consultation before they 

enter the initial MDT clinic. From the initial MDT clinic they may see a dietician, a pschologist or a 

counsellor before entering the follow-up queue to continue their treatment with the appropriate clinicians. 

Once the patient has been in the service for 2 years they may be referred for surgery. The delay at the start 

of the patient pathway has an effect on the other clinicians in the service and the patient‘s possible surgery 

date. 

Using discrete event simulation to model the start of the adult weight management service enables the 

Family and Therapies service to better understand their demand and capacity and subsequently develop an 

evidence-based action plan which can lead to a sustainable service.  
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In February 2018, the Adult Weight Management Service is piloting an alternative service model to 

address the delays into the service. A nurse practitioner will conduct an initial assessment and identify the 

patient’s clinical need before directing the patient to the appropriate pathway. The current pathway is 
reliant on the availability of the consultant, the alternative allows patients the opportunity of being seen 

sooner by a different member of the clinical staff which should reduce the backlog.  

 
 

Figure 3 Screenshot of Family and Therapies Model 

 

4 INTERIM RESULTS & FEEDBACK FROM BUILDING CAPABILITY WITHIN THE 

HEALTHBOARD 

To date, the modelling fellows from cohort 1 have completed their taught part of the programme and have 

completed their initial versions of their simulation models. In terms of the taught programme, it was 

wonderful to see how the fellows welcomed the new subject areas. In designing the course material, we 

had been conscious of not making it too theoretical but wanted it to be very hands-on and practical so that 

the techniques could be easily visible to those that hadn’t undertaken a Mathematical / Statistical degree. 
In each of the taught courses, specific healthcare examples were developed using health board data, where 

possible. This meant that those attending the course could appreciate the background problem and see 

how the techniques could be used for the set problem and then perhaps for their department.  

In the first cohort, we had 6 fellows. Whilst the cohort is small we felt that it was worth concentrating 

on getting the ideas across to a small group and being able to mentor them on their projects. If we had 

delivered the course to a larger number we don’t think that we would have seen the close-net friendships 

develop between the fellows which have been beneficial in terms of support and future networking within 

the organization. In particular, having the links between different groups of the organization has been 

very beneficial in terms of accessing data and expertise for the projects and other larger pieces of work 

that the modelling unit and fellows have been involved in.  

In terms of the projects, in both the adult weight management service and trauma and orthopaedic 

department, the model’s development has been perhaps slower than the fellows would have liked but this 
has been because both services are very complex and understanding the complexities takes time. Each of 

the fellows has also commented that trying to work on the project is difficult when the demands of their 

day job take up a lot of their time. Being able to protect their project time has been one of the main 
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challenges we have faced during the first cohort. It will be interesting to see if the same happens in the 

second cohort as we have a different group of departments represented. 

Initial results from both models are promising and will help provide both services with a useful tool 

that will enable policy makers to make decisions based on their tools rather than planning to average and 

not understanding the effects of patient and clinician variation. 

In each case study, the impact in terms of the tool’s usability and what the modelling fellows have got 
from the course is going to be evaluated, feeding into REF2021 and further work within the ABCi 

modelling unit. For example, it is envisaged (by the modelling fellows) that the trauma and orthopaedic 

demand and capacity tool can be adapted for use in other departments within scheduled care once it has 

been completed and promoted within trauma and orthopaedic. 

 

5 CONCLUSIONS 

To date, 6 modelling fellows have been trained within the Modelling Fellow Programme developed 

by ABCi. Of those 3 are using discrete event simulation to understand their demand and capacity and a 

fourth is considering a reconfiguration project. Whilst the project areas are very different some common 

themes have appeared in terms of understanding the service and converting it into a simulation model and 

the need for high quality data to estimate the model parameters. 

Using simulation modelling for demand and capacity whilst common in industry is not often used 

within healthcare and particularly by people within the service. The case studies outlined here are 

innovative in their approach for the health board and aim to avert the need to plan to average and neglect 

the effect of variation. It is envisaged that developing and using these tools will allow the services to plan 

more sustainable services going forward. 

In terms of the Silver Modelling Programme developed within the health board by the modelling unit, 

the first cohort has been successful with all 6 fellows completing the taught part of the programme and 

using their newly acquired OR skills in their projects and day-to-day jobs. Feedback from the taught part 

of the programme has been very positive with several of the fellows presenting their views and projects at 

a showcase event last September, and one documenting her experience in a video released in the health 

board at the end of last year. The applicants from both cohorts have shown that there is an appetite within 

the health board to learn how to use OR techniques within healthcare and hopefully it will continue. The 

fellows from the first cohort have commented on how it has allowed them to develop their skills around 

analysing and presenting data and has provided a useful toolkit that allows them to use Excel for 

geographical modelling and forecasting and SIMUL8 for modelling service pathways. The fellows have 

also commented on how the newly acquired skills have helped when they submit business cases for their 

departments as they can provide the relevant evidence to support the case.  

We are also looking into how we can get the course accredited so that those that have attended can 

add a formal recognition of the skills they have gained by attending the course. Also, ahead of the second 

cohort we are developing a process so that we can evaluate the course and the impact it has for those 

attending using a Kirkpatrick score. The idea is to assess the fellows views of each topic taught on the 

course at the start, at the end and several intermediate time points throughout. The evaluation will also 

continue after the projects have been completed to see the impact of them on their chosen departments. It 

is envisaged that the evaluation will show that the programme satisfies each of the 4 scores in the 

Kirkpatrick framework with the early stages focusing on the skills that the fellows have learned during the 

taught part and the latter stages documenting the effect their new skills have had on the organization.  

Ultimately, as one of the fellows commented on in their course feedback, the Silver Modelling Fellow 

Programme allows them to make a difference to the patients; they can understand how patients use the 

service and how those services can be made as efficient as possible which leads to timely and accessible 

care and subsequently better outcomes for the patients. 
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