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I. Management summary 

This report is the result of a master thesis project at MÖBIUS with as subject the applicability 
of short-term simulation for operational decisions. Short-term simulation of business 
processes is a method that is used for forecasts of the evolvement of a process over a short 
period of time. It starts the simulation from a certain starting point. If this starting point 
reflects the current state of the process, the simulation provides a view on the process in the 
near future, also referred to as a ‘fast forward’ capability.  

The development of a simulation model from scratch is usually a time-consuming activity 
and is based on many assumptions. Therefore a concept is used to acquire the relevant 
information for a simulation model from registered data within an information system. This 
concept is called process mining. As a source for process mining, so called ‘event logs’ are 
extracted from information systems. Process mining is a collective noun for all kinds of 
techniques, which can be put to use to retrieve information about different process 
characteristics (e.g. arrival rates, execution times of activities, involvement of resources) from 
event logs. These techniques can be used to acquire the relevant information for the 
development of a short-term simulation. 

In various domains, operational managers find it very difficult to make an accurate forecast 
about the throughput time of current cases in the process. They can base their forecasts on 
(historic) average flow times, but this does not take in account a range of essential variables, 
for example the total number of cases in the process, the number of involved employees and 
the expected arrival rate of new process instances. Therefore forecasts are mainly based on 
the experience of a manager and not on quantitative evidence. A potential solution for this 
problem is short-term simulation of business processes. The simulation model could provide 
short-term forecasts and can execute various what-if scenarios. 

In this research, the applicability of short-term simulation for the quantitative support of 
operational decisions is investigated.  A set of research questions is proposed: 

� Is short-term simulation a potential method for the support of operational 
decisions? 

� What are the minimal requirements for the application of short-term simulation? 
� What are the possible success factors for short-term simulation? 
� How does the development of a short-term simulation model for a real-life process 

differ from the state-of-the art approach (described in Rozinat et al. (2009b))? 
 
To answer these questions, the goal was to develop a short-term simulation model of a real-
life process. A payroll administration process of a client of MÖBIUS was selected for a case 
study. The main objective of this case study was to evaluate the value of short-term forecasts 
of operational scenarios. Additionally, it was an objective to discover possible success factors 
and minimum requirements for the application of short-term simulation from the experience 
of the development. Furthermore, a list of minimal requirements was acquired from a set of 
four interviews with process mining experts. 
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In the payroll administration process, the payroll of the employees of a client is calculated. 
For the execution of the payroll administration process, payroll administrators use an 
application to consult and modify the data of a client. All activities of the payroll 
administrators within the application are registered by an information system. This data was 
used as the input for process mining.  

The development process of a simulation model follows a number of iterative phases which 
can be illustrated as an iterative waterfall model (Van der Aalst & Voorhoeve, 1995). The 
development of the short-term simulation model is loosely based on this approach and is 
divided in the following phases: 

1. Data extraction 
2. Prepare event log 
3. Increase process knowledge 
4. Develop simulation model 
5. Validate model 
6. Execute simulations for scenarios 

The case study experiences were evaluated and compared with the list of minimal 
requirements mentioned by the process mining experts. Four different minimal requirements 
were distinguished. 

The first requirement is the presence of a number of data attributes in the information system 
of the process. For each activity, at least a start and end time must be registered to calculate 
the execution times of activities. Process instances have to be uniquely identified. 
Furthermore, for each executed activity the related resource and process instance should be 
registered. The second requirement suggests that an expert on process mining and business 
process simulation has to be involved to develop the simulation model. Thirdly, the 
resources of the process have to be modelled realistically. The robustness of the short-term 
model to modifications in the process (e.g. changed arrival rate, addition of resources) was 
considered to be the fourth minimal requirement.  

The research also revealed a number of possible success factors. First of all, the application of 
short-term simulation is used for operational decisions that need to be made within a limited 
amount of time. Therefore, a straightforward extraction from the information system and a 
rapid implementation of the current state into the simulation model is considered to be a 
factor for success. Secondly, the simulation model is regarded to have more practical value 
when the right aggregation of data is used for distinguishing activities within the process. 
Thirdly, the application of short-term simulation is considered to be less challenging to 
processes with a more or less steady arrival rate of new process instances. This is because it is 
easier to fit a distribution to a stable arrival rate.  

The case study research showed that a different approach was required for the development 
of a short-term simulation model for a real-life process than the approach described in 
Rozinat et al. (2009b). It was found that it a more advanced statistical analysis was required 
to acquire accurate input for the simulation parameters. This could not be done with 
currently available process mining techniques. Additionally, the model was extended to 
include the availability of a resource to the process.  
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It can be concluded that short-term simulation can provide detailed forecasts about the 
workload, throughput times and number of cases in the system over a period of time. The 
possibility of running what-if scenarios to compare the effects of alternative decisions is 
considered to be valuable, because it can be ensured a-priori the optimal decision is made. 
There are no alternative contemporary methods that can establish this in a similar way. 
However, the research indicated a number of requirements have to be met before short-term 
simulation can be applied successfully. Especially the modelling of the availability and the 
behaviour of resources realistically is a requirement that is regarded to be difficult to meet. In 
the case study, the issue of availability was addressed with an extension to the simulation 
model to simulate the availability more realistic. Another requirement, the involvement of an 
process mining expert, can be met without problems. The need for a set of essential attributes 
requires a comprehensive investigation of the information system prior to the development. 
Finally the robustness of the model to process modifications can be tested by a sensitivity 
analysis in the validation phase. In general, accurate models with no artificial waiting times 
are more likely to be robust to process modifications. 

The main limitation of the research is the fact that the case study simulation model could not 
be validated completely, because the division of case arrivals and resources over 22 offices 
could not be distinguished in the information system. Furthermore, the extraction of the 
current state was problematic. Therefore, the accuracy of the model could not be measured. 
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1 Introduction 

The first chapter introduces the problem statement. In order to improve the 
understandability of the problem, the concept of process mining is explained. Furthermore 
the collaborating organization is introduced. At the end, the structure of the remaining 
report is described. 

1.1 Process mining 

Process mining (PM) is a relatively new technique in the field of BPM and is developed to a 
large part by the Eindhoven University of Technology (TU/e). As a source for process 
mining, so called ‘event logs’ are extracted from information systems such as business 
process management systems (BPMS’s). Process mining is a collective noun for all kinds of 
algorithms, which can be put to use to retrieve information about different process 
characteristics (e.g. control-flow, performance or organizational characteristics) from event 
logs. The main benefit of process mining is that it is possible to see what is really happening 
within a business process, because it is based on actual data. A more detailed description of 
the concept process mining is given in paragraph 2.1. 

1.2 MÖBIUS 

This research is conducted in close collaboration with MÖBIUS, a consultancy company 
founded in Belgium. Its expertise lies in the area of Business Process Management (BPM) 
and Supply Chain Management (SCM). The solutions MÖBIUS provides for its clients are 
based on quantitative analysis and operations research analysis. Simulation is a method 
MÖBIUS frequently applies to the logistic processes of the SCM clients and the organization 
is interested in the potential benefits of process mining and simulation of business processes. 
Over the years, MÖBIUS evolved as a spin-off of the University of Ghent to a well 
established firm with 130 employees in Belgium that is currently expanding to France, the 
United Kingdom and The Netherlands. 

1.3 Problem statement 

Nowadays, the events of business process are often logged in different types of information 
systems, such as workflow management systems (WfMS’s), enterprise resource planning 
systems (ERP systems) such as SAP or Oracle, and custom-built information systems. 
Although more and more information is stored, this abundance of data does not 
automatically lead to better insights into the processes.  

In various domains, operational managers find it very difficult to make an accurate forecast 
about the throughput time of current cases in the process. They can base their forecasts on 
(historic) average flow times, but this does not take in account a range of essential variables, 
for example the total number of cases in the process, the number of involved employees and 
the expected arrival rate of new process instances. Therefore forecasts are mainly based on 
the experience of a manager and not on quantitative evidence.  

A potential solution for this problem is short-term simulation of business processes. Using 
process mining techniques, the relevant information for a simulation model of business 
process can be retrieved from information systems (Rozinat et al., 2009b). The simulation 
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model could provide short-term forecasts and can execute various what-if scenarios. In 
principle, this method could be extremely valuable, because it would give information about 
the reachability of certain service level agreements (SLA’s) and quantitative support for a 
number of operational decisions, such as: 

- Is it possible to finish X orders in the next week? 
- What effect will the temporarily decreased number of available resources have on 
the average throughput time? 

- Will the SLA requirements be met if the arrival rate of new process instances increase 
with X%? 

The applicability of this technique for the support of operational decisions is evaluated in 
this thesis. 

1.4 Structure 

The remainder of this report is structured in a logical manner to improve readability. 

In chapter 2, an overview of the relevant scientific literature is provided. The main concepts 
that are regarded to be vital for the comprehension of this research are described. 

In chapter 3, the research design and methodology are presented together with an 
argumentation for the chosen methodology. 

Chapter 4 contains the results acquired from the case study with mostly process mining 
techniques. This chapter is extended with an examination of alternative methods. 

In chapter 5, the discussion of the research questions based on the conducted research is 
elaborated. Subsequently, conclusions are drawn in chapter 6.   
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2 Background 

In this chapter the relevant scientific literature for this project is described. Any process 
mining project starts with the construction of a so-called event log, which is described in 
paragraph 2.1. The data is retrieved from various types of information systems, which is 
explained in paragraph 2.2. Because the type of simulation used in this research is based on 
process ming, both the concepts of process mining and business process simulation are 
elaborated in paragraph 2.3 and 2.4. In paragraph 2.6, an overview of three software 
products used throughout the case study is provided. 

2.1 Event log 

Before the principles of process mining are elaborated, a basic understanding of event logs is 
needed. Event logs are the input for process mining and it contains historic information 
about the executed events within a business process. Event logs are retrieved from 
information systems, such as workflow management systems, ERP systems or custom-built 
systems (Van der Aalst et al., 2007b). Different characteristics within an event log can be 
distinguished: 

- Process instance 
This represents the unique case that follows a certain path through the process. 
Process instances can represent orders, invoices, inquiries or even other types of 
cases, depending on the kind of business process. 

- Event 
Each process consists of a number of events. They describe a certain action 
performed within the scope of a business process. The events can be logged as 
multiple types of events. Some information systems only log the completion of an 
event, whereas others log the start and end events, or even the moment an event is 
scheduled to be executed. 

- Resource 
A resource is either a machine or a person and executes one or more events within a 
process.  

- Timestamp 
The date and time of a registration of an event is logged as a timestamp in an event 
log.  

- Data 
Other data types that are not part of one of the above mentioned types can be 
included as additional attributes. 

The preparation of an event log is usually not straightforward and depending on the 
information system and process, can take up a significant amount of time.  

2.2 CSCW systems 

CSCW systems stand for Computer Supported Cooperative Work systems. As might be 
suspected, this covers a broad range of systems that support ‘work’ in any way. Early 
literature typically positions CSCW systems as “groupware” products (e.g. Microsoft 
Outlook), but it can be argued that CSCW systems cover a broader range of systems. A 
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novel classification shown in Figure 1 is presented by Van der Aalst (2007), based on two 
dimensions. One dimension distinguishes structured (i.e., it is determined how to handle 
things) and unstructured (i.e. things are handled in an ad-hoc manner) systems, while the 
other dimension differentiates data centric (i.e. focus is on storing and sharing data) and 
process centric (i.e. focus is on the ordering of activities). In this classification, groupware 
systems are positioned in the unstructured and data centric quadrant. ERP systems are 
typically data centric as well, because all data is stored in large databases with thousands of 
tables. However, their activities are structured and documented. WfMS’s contain well-
structured processes, whereas ad-hoc workflow systems are unstructured with no pre-
defined process model. Case handling systems focus on what can be done to achieve a 
business goal and provide a mixture of structured and unstructured processes (Van der 
Aalst et al., 2005). 

This wide variety of systems shows that process mining is not automatically applicable to 
every system. The extraction of an event log from a SAP R/3 system takes significantly more 
effort than from a workflow management system. Assuming it is possible to extract an event 
log, the discovery of a control-flow that reflects reality will be more challenging for a 
groupware product than for a WfMS. 

 

Figure 1 - A range of CSCW systems adapted from (Van der Aalst, 2007) 

2.3 Process mining  

The basic concept of process mining is to extract relevant data from an information system 
using various techniques and algorithms, in order to increase knowledge about the actual 
enactment of processes. It is defined as ‘the construction of models explaining the behaviour 
observed in the event log’ (Van der Aalst et al., 2007b). The behaviour is observed as it is 
stored in an information system, because process mining is purely based on the information 
retrieved from an event log (Figure 2). Therefore, adequate knowledge about the scope and 
limitations of registration of events within an information system is needed. Although 
basing an analysis on one source of information might be regarded as limited, it is actually 
one of the strengths of process mining. As long as an event log is provided and there is a 
basic understanding of the meaning of the events, multiple analyses can be executed with a 
limited need for additional information from process owners or process domain experts. The 
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various process mining techniques can be divided into three different classes, namely 
discovery, conformance and extension (Van der Aalst & Günther, 2007). 

- Discovery 
In this case there is no a priori knowledge about the control-flow of a process and the 
aim is to find a process model that accurately describes this. Many techniques 
already exist to automatically construct a process model. Besides control-flow, other 
perspectives (e.g. organization, data, time, etc.) can be an aim for discovery. 

- Conformance 
There is an a priori model and the model acquired from process mining techniques is 
compared with the a priori model. This is used to check whether a process is 
executed as it is supposed to and to detect deviations. 

- Extension 
An existing model is extended with a new perspective, which is acquired from 
process mining techniques. For example, a process model is enriched with 
information about on which data variables decisions within a process are based. 
 

 

Figure 2 - An overview of process mining 

 
For the construction of models, numerous types of mining algorithms are developed. Below 
it is shown that these algorithms can be categorized in different perspectives. Process mining 
is regarded as a sub-domain of data mining (Van der Aalst & Weijters, 2004). Many of the 
characteristics relevant for data mining, seem to be relevant for process mining as well. 
Nevertheless, the various data mining techniques are generally not useful for the domain of 
process mining. Therefore, the research on process mining over the last decade has been 
focused on developing new algorithms. 

Besides the classes, process mining techniques can be grouped into different perspectives. 
The relation of classes and perspectives is shown in Figure 3. These perspectives are loosely 
related to the various data types of event logs. The three perspectives process, organizational 
and case are defined in Song & Van der Aalst (2008). A fourth perspective performance is 
added that is regarded to be relevant for this report. The perspectives are shortly described 



10 
 

to provide an understanding of the perspectives. It is not the purpose to provide a complete 
overview of the mining algorithms. 

 

� Control-flow perspective 
The most well-known type of process mining technique is control-flow discovery. 
Because of this, process mining is sometimes confused with this subtype. The 
algorithms aim to automatically construct a process model that reflects the real 
process. Currently more than 20 algorithms can be distinguished. The 
appropriateness of a control-low discovery algorithm is dependent of some 
characteristics of the event log (e.g. noise, concurrency, completeness, etc.). 
Therefore, there is no single best algorithm that is the most appropriate for any 
situation (Rozinat et al., 2008a). 

� Organizational perspective 
This perspective consists of algorithms that focus on the resources involved in the 
process. The algorithms have various purposes, for instance revealing the 
organizational structure. Furthermore it is possible to discover the amount of 
working together amongst resources and the handover of work (Song & Van der 
Aalst, 2008). 

� Performance perspective 
This perspective consists of various process analysis algorithms, which calculate 
process characteristics and statistics. Typical outcomes are throughput times, 
execution times, waiting times, probabilities and case arrival rates. 

� Case data perspective 
This perspective is related to case-specific characteristics. For example, in a certain 
process some cases go through event A and B, whereas others are directed straight to 
event B. A decision point analysis based on data attributes is made to uncover where 
decisions rely on (Rozinat & van der Aalst, 2006). 
 

 Control-flow Organizational Performance Data 

Discovery     
Conformance     
Extension     

Figure 3 - The matrix structure of process mining classes and perspectives 

2.4 Business Process Simulation 

Business process simulation (BPS) is a much debated technique in scientific research. In 
general, BPS is seen as a method for the support of strategic decision making (Reijers & Van 
der Aalst, 1999).  It is seen as one of the main methods for improving business processes by 
simulation of redesign scenarios (Kettinger et al., 1997). It can aid in understanding, 
analyzing and designing processes (Jansen-Vullers & Netjes, 2006). One of the main benefits 
of simulation is the possibility of simulating the effect of redesign scenarios, without the 
costs and efforts of an actual redesign. 

Despite these benefits, BPS as a supportive method for redesign is not a solution that is 
frequently applied in practice. From a survey conducted under potential BPS users, it 
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appeared that only 17% were current or past users of BPS (Melao & Pidd, 2003). The 
majority appeared to be using process mapping and spreadsheet modelling instead of 
simulation when faced with a reengineering challenge. Furthermore, there is evidence that 
BPS has negative connotations which can withhold practice of BPS (Melao & Pidd, 2003). 
The traditional BPS approach requires various sources of information (e.g. from interviews, 
spreadsheet analysis). Once this information is available, the development of a simulation 
model still requires special design skills and operations management background, which 
can be costly and can take up a large amount of time (Kettinger et al., 1997).  

Before we go deeper into this matter, two distinctions have to be made. BPS can either be 
focused on the long-term or short-term period. The traditional BPS approach focuses on a 
long-term simulation. In this case, the aim is to develop a model that represents the steady-
state behaviour of the process. As stated above, this approach is mostly applied for strategic 
decision making. The appropriateness of long-term simulation for business processes is 
debated; it is argued that there is no such thing as a steady-state, since the environment of 
the process is changing continuously (Van der Aalst et al., 2008). Constructing such a model 
with limited information automatically involves a number of assumptions and 
simplifications of the real process, which makes the results of a long-term simulation model 
less reliable. 

Alternatively, short-term simulation focuses on a transient analysis from a certain starting 
point (Figure 4). If this starting point reflects the current state of the process, the simulation 
provides a view on the process in the near future, also referred to as a ‘fast forward’ 
capability (Rozinat et al., 2009b). Because the development of a simulation model from 
scratch is a time-consuming activity, it is not suited for the support of operational decisions 
or other short-term goals. This leads to a second distinction, namely simulation models 
developed from the results of process mining techniques or based on alternative sources of 
information and assumptions. These dimensions are depicted in Figure 5. 

 

Figure 4 - Comparison of steady-state and transient analysis  
(adopted from (Van der Aalst et al., 2008) 



12 
 

 

Figure 5 - Distinction between different types of BPS 

From this point onwards, short-term simulation refers to short-term simulation based on 
process mining techniques. Short-term simulation based on process mining techniques is a 
novel method, which has been described in scientific research recently (Rozinat et al., 2009b). 
This article is considered to be the current state-of-the-art theory in scientific literature on 
this subject. The idea is that simulation-relevant information is obtained from the outcomes 
of a combination of process mining techniques. It requires less validation than manually 
constructed simulation models and it can be easily iterated when process changes have 
occurred. For this type of simulation, three types of information are needed, namely design, 
historic and state information (Rozinat et al., 2009b).  

The design information can be derived from the workflow system. It contains the 
underlying process model and its control and data flows. It also encloses the involved users, 
groups and roles. This method implies a direct link with the workflow system. However, it 
is also possible to obtain the design information from event logs (Rozinat et al., 2009a). In 
that case, various process mining techniques are needed to reconstruct the design of the 
process. The basic process model is retrieved from the outcomes of a control-flow discovery 
algorithm. Then the involved users for each activity are acquired from so-called social 
network mining techniques. The process model can be extended with a decision point 
analysis, which retrieves the data-attributes that are relevant for a number of choices in the 
process. The data from these various techniques need to be integrated in one model. 

The second type of information, historic information, is recorded in the event log. This 
aspect is relevant for simulation, because by analyzing historic data, the arrival rate of new 
cases and the execution times of events can be extracted (Rozinat et al., 2009b). This type of 
information needs to be extracted from the event log with various process mining 
techniques. 

The third and last aspect is the state information of a process at a specific point in time. This 
state information includes the positions of process instances in a process, case data and a 
view on the resources that are busy or available for work. For short-term simulation for the 
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support of operational decision support, the most recent state information is relevant, also 
called the ‘current state’.  

 

 

Figure 6 - Schematic representation of short-term simulation 

Important to know is that the development of a simulation model and the retrieval of the 
current state are separate activities. Once the model is developed and validated, only the 
retrieval of the current state (and implementing it into the simulation model) is an iterative 
activity required to start the operational decision support (Figure 6). 

A combination of design and historic information - thus without the inclusion of the current 
state - is sufficient to build a simulation for strategic decision making purposes (Figure 5). 
For example, it is proven to be useful for evaluating the results of possible redesigns in a 
case study (Rozinat et al., 2009).   

2.5 Challenges to short-term simulation 

In the field of process mining, there are a number of challenges which many researchers 
have been faced with. Some of these challenges are partly or completely overcome due to the 
development of new process mining techniques, while others are still a source of frustration 
to practitioners nowadays. The same can be said about challenges in the area of BPS. The 
two main challenges described in scientific literature regarded to be relevant to short-term 
simulation are described in this section.  

Incorrect modelling of resources 
Van der Aalst et al. (2008) points out that the naïve manner of modelling human resources is 
currently one of the biggest problems. The main difference with simulation of business 
processes instead of, for example, logistic processes is the fact that activities are generally 
executed by human resources. The human behaviour in a process is far more difficult to 
explain by a simulation model compared to machines. First of all, the execution times of 
activities vary per resource. Even one resource does not always work at a constant speed, 
depending on mood, work load, etc. Secondly, the availability to a process is often unclear. 
People are involved in more than one process, occasionally attend meetings and have 
breaks. It is very rare that resources work full-time dedicated to one process. Usually, this 
availability of resources is not monitored in detail. Thirdly, people are not always ‘eager’ to 
start working on a case once it becomes available for an activity. In contrary, people prefer to 
work in batches, i.e. handling a number of cases subsequently. Fourthly the way cases are 
handled can be different depending on the context. For example when deadline are closer, 
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the increased pressure can cause managers to mobilize extra resources or to skip some less 
vital activities. Lastly, the priorities of certain cases are undefined in a simulation model, 
while they can change the handling of cases considerably. 

Discovery of underlying process 
One of the main purposes of process mining is the discovery of the ‘real’ process. Numerous 
discovery algorithms have been created to develop a model that represents the main 
behaviour of the process. The challenge to developing the ‘real’ underlying process is 
twofold. First, the algorithm should be able to rebuild all the control-flow constructs present 
in the process. Examples of control-flow constructs are sequences, parallelism (i.e. 
concurrency of activities) and duplicate tasks. An overview of the capabilities of a number of 
discovery algorithms is provided in(van Dongen et al., 2009). Secondly, a challenge for 
discovery algorithm is to find the balance between the “underfit” and “overfit” of a model. 
The event log of process can be seen as the sample from a population. It is very unlikely that 
an event log contains every possible sequence of steps in a process. Therefore, a model that 
only allows the sequences that are present in the event log causes an “overfit”. On the other 
hand, a model that is too general does not give any insights or useful information 
(“underfit”). Many algorithms are not configurable to this perspective and provide a “one 
size fits all” approach. Therefore it is not possible to change the degree of “fit” to adapt it to 
a specific application. An overview of the average degree of fit of discovery algorithms is 
presented in (van Dongen et al., 2009). The FSM Miner distinguishes itself from other 
discovery algorithms by providing a two-step approach that makes it possible to configure 
the amount of fit (Van der Aalst et al., 2010). 

The quality of discovered process models can be evaluated by various metrics to quantify 
concepts such as appropriateness and fitness of a model (Rozinat et al., 2008b). 

2.6 Software 

In this report, the development of a short-term simulation model is described. Various 
software products were used for this development. In this section, three products that might 
need an introduction are described. 

2.6.1 Nitro 

The data in an information system is stored in a raw format. The extracted data needs to be 
converted to an event log. The default notation of event logs is the Mining eXtensible 
Markup Language (MXML) format. In this report, the conversion is executed by a software 
product called Nitro from Fluxicon. Normally a paid license is required to convert larger 
data files, but a license was provided by co-founder of Fluxicon and supervisor Rozinat. 

2.6.2 ProM Framework 

ProM is an extensible framework that unifies a wide variety of process mining plugins (Van 
der Aalst et al., 2007a). It is developed at the TU/e and currently contains more than 230 
plugins. The plugins each have a specific mining approach and can be categorized into five 
different categories, namely mining, analysis, import, conversion and export. Mining 
plugins are used for the retrieval of models based on the event log with the use of a mining 
algorithm. Analysis plugins are able to analyze the data attributes or temporal properties 
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from a mined model or the event log. Import, conversion and export plugins aim at a 
support of models of various modelling languages and datasets from various software 
packages and the interchange between these concepts.  

2.6.3 CPN Tools 

Although there is an abundance of simulation tools, the applicability of these tools is diverse 
(Jansen-Vullers & Netjes, 2006). In this article, three different categories of evaluation criteria 
are proposed to compare the performance of six popular simulation tools, namely modelling 
capabilities, simulation capabilities and output analysis capabilities.  The result of the 
comparison was that CPN Tools was chosen as a basis for further development, because of 
the statistically correct simulation output and support of formal semantics. In recent articles 
on business process simulation, CPN Tools has been used frequently (e.g. (Rozinat et al., 
2009b), (Verbeek et al., 2006), (Van der Aalst et al., 2008)). Another advantage for choosing to 
use CPN Tools is the existence of an adequate export plugin to convert a Petri Net process 
model in ProM to the CPN format. 
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3  Research design and methodology 

This chapter entails the setup of the research and its methodology. First, the research 
objective and research questions are described. Then the research design which appears to 
be the best approach to answer the research questions is presented. The chapter is concluded 
with a organization and case description of the chosen case. 

3.1 Research objective and questions 

A literature review (Veldhoen, 2010) showed that the research on short-term simulation with 
the use of process mining techniques is limited. Although a potential method for the 
development of the model is described, it has not been applied in practice. The main 
objective of this report is to provide an evaluation of the applicability of short-term 
simulation for the support of operational decisions.  A set of research questions is 
proposed below. This breaks down the problem in separate parts and enhances the structure 
of the report. The main research question that needs to be answered is the following: 

� Is short-term simulation a potential method for the support of operational 
decisions? 

Before this judgment can be made, three sub questions need to be answered. The answers to 
these questions should form a solid base of knowledge for the motivation of the answers of 
the main research question.  

� What are the minimal requirements for the application of short-term simulation? 
Prior to jumping to a conclusion about the suitability of short-term simulation in general, it 
has to be investigated what minimal requirements has to be met in order to enable the 
application of short-term simulation. The minimal requirements are related to the process to 
which short-term simulation is applied to, as well as its development and execution. 

� What are the possible success factors for short-term simulation? 
It is very unlikely that the application of short-term simulation is successful for every 
business process and information system. It is interesting to investigate which factors 
contribute to the success of short-term simulation. Possible factors of interest are related to 
the process to which short-term simulation is applied to, as well as its development and 
execution. 

 
� How does the development of a short-term simulation model for a real-life process 

differ from the state-of-the art approach? 
As described in paragraph 2.4, a short-term simulation model can be constructed within 
ProM. The results of the analyses of control-flow, organizational, data and performance 
perspective were combined and merged into one simulation model. However, this approach 
was tested using a “clean” event log from a non-existing process. To answer this research 
question, it is investigated what process mining techniques and analyses are required for a 
succesful development of a short-term simulation model. The investigation is focused on the 
development with currently available software tools and is not restricted to the ProM 
Framework. The development of new techniques is regarded out of scope. 
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3.2 Research design 

The scientific research on the subject of short-term simulation is scarce and mostly based on 
non-existing processes. In order to acquire more knowledge on this matter, the concept 
needs to be put to practice. An empirical research on the development of a short-term 
simulation model in a real-life setting appears to be the best approach. Since there is no 
known organization that implemented the concept of short-term simulation and used it to 
support operational decisions, the real-life setting will be created by means of a theory-
building case study (Dul & Hak, 2008). The main objective is to evaluate the value of short-
term forecasts of operational scenarios. Additionally, it is an objective to discover possible 
success factors and minimum requirements for the application of short-term simulation.  

The main difference between a case study and an experiment is that a case study does not 
manipulate the subject of research (Dul & Hak, 2008). In this research, the case methodology 
is appropriate because it investigates a contemporary, real-life situation as it is. To address 
the main research question properly the case should not be idealized, because that would 
result in a too optimistic judgment. Moreover, a case study without manipulation of data 
increases the opportunities for external validity. The resultant theory of case studies in 
general is likely to be novel and empirically valid (Eisenhardt, 1989). Another important 
motive for a case study is the hands-on experience. Once one is faced with challenges which 
have to be coped with in order to proceed with the research, the severity of the problems can 
be determined more accurately. Finally, case study is the right method, because “ [it] is a 
scientific and recommended research approach to investigate an emerging area in which few 
previous studies have been conducted” (Yin, 1994). 

Due to time restrictions, the case study is limited to a single case. Because the development 
of an accurate short-term simulation has not been executed many times, it is difficult to 
estimate the required time that is needed. The advantage of restricting oneself to one case is 
the sufficient amount of time for a thorough analysis. In a too ambitious research setup with 
multiple cases, there is an imminent risk of time pressure leading to a superficial 
investigation. The chosen case study methodology is described in the next chapter. 

A possible weakness of a case study is that the resultant theory is too narrow and 
idiosyncratic (Eisenhardt, 1989). In order to raise the generality of the findings, a set of 
interview sessions with carefully selected process mining experts are held.  

Next to the interviews, the case study findings are compared to the findings from an 
extensive review of scientific literature (Veldhoen, 2010). The comparison with similar 
literature leads to an increase of internal validity and an improved generalizability, because 
it can relate underlying similarities in phenomena (Eisenhardt, 1989).  

Thus, the resulting theory of this research is carefully developed from three main resources 
of information, i.e. the case study, the set of interviews and the scientific literature. 

3.3 Case study design and methodology 

One of the goals of the case study approach is to evaluate the value of short-term forecasts of 
operational scenarios. Therefore, the development of a short-term simulation model is 



18 
 

required. This development process gives insights into the required process mining 
techniques and software tools for the development of the short-term simulation model.  

 This development process usually follows the same phases, regardless of what simulation 
tool is used (Van der Aalst & Voorhoeve, 1995). The phases are depicted in Figure 7 as an 
iterative waterfall model. 

 

Figure 7 - Phases of a simulation study adopted from Van der Aalst & Voorhoeve (1995) 

Loosely based on this phase model, a research design for the case study part is created, 
which incorporates a similar iterative waterfall model (Figure 8). The resemblance between 
the models is logical, because one of the main purposes of the case study is to develop a 
simulation model. It contains a number steps that require additional explanation.  

 

Figure 8 - The case study design 

Case selection 
In collaboration with MÖBIUS, one of their BPM projects was selected as a case.  The case 
was selected based on two criteria. First of all, it should at least be possible to retrieve the 
data types process instance, event, resource and timestamp from the information system of the 
case. Furthermore it should at least log the start and end timing information for an activity. 
The second criterion regards the total number of process instances. Timing information is 
used as a basis for the simulation parameters. Therefore the eventual event log should 
contain a sufficient amount of process instances. This is a rather subjective requirement and 
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it is hard to quantify, but in general more instances are likely to produce more accurate 
results. To identify a bottom level, it was decided that an event log should contain at least 
1000 process instances. 

Through MÖBIUS, a case of a payroll administration process of an HR services organization 
was available. The organization and case are described in paragraph 3.5. The log file from 
the information system of the process contained the required data types and it contains 
sufficient process instances, so it was decided that the payroll administration process was 
selected for the case study. 

Development steps 
The process of development consisted of multiple iterative steps. The first step (data 
extraction) was to identify and collect the relevant data from the information system. The 
data needed to be converted to an event log in order to start the analysis of the process. 
Substantial process knowledge is required to judge the quality of the data. Hence, the data 
collection and analysis process is iterative and cannot be separated. This is in line with 
Eisenhardt (1989), who argues that the data collection and analysis phase frequently overlap. 
Process knowledge was increased by 1) execution of process mining techniques and 2) 
gathering qualitative data from business process experts from Acerta and involved 
consultants from MÖBIUS. This combination served multiple purposes. First of all it 
increased internal validation by triangulation. Business process experts were confronted 
with findings from process mining and either confirm or refute them. Secondly, both data 
collection methods were likely to produce information that cannot be retrieved by the other 
method, so the combination increased overall process knowledge. 

From the analyses within the field of process mining, the simulation-relevant information 
was gathered for the development of an initial simulation model. Once again, the phases of 
development and validation were highly iterative, because it had to be tweaked multiple 
times to become accurate. Although it was not clearly depicted in the research design of the 
case study, the current state of the process plays an important role in the development of a 
simulation model. The model is explicitly developed for the purpose of transient analysis, 
i.e. analysis of a simulation model starting from a specific point in time without warm-up 
time. Therefore, the inclusion of the current state is regarded as an essential part for the 
validation of the model. 

Once a realistic model was developed, simulations were executed for the what-if scenarios 
of operational decisions. The results of these simulations were used to evaluate the value of 
short-term forecasts for operational decisions. 

Extract case findings 
The minimum requirements and possible success factors of the application of a short-term 
simulation model could not be determined a-priori. The experience of the development 
process was used to extract relevant case findings which can help to answer the research 
questions. The extraction of case findings is an ongoing process throughout the case study. 
Since it was difficult to judge whether a certain finding would be relevant eventually, all 
sorts of notes from observation and analysis were taken.  
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3.4 Interview methodology 

The aim of the interview sessions was to acquire information about the views of the 
interviewees on the applicability of short-term simulation in real-life business processes in 
order to validate the outcomes of the case study. Because the research is focused on practical 
applicability, possible candidates were sought in the field of process mining consultancy. 
More than anybody else, they have a realistic view on the benefits and shortcomings of 
process mining and the interests of organizations. It was verified that the candidates had 
extensive knowledge on process mining and BPS. 

The interviews were structured in the following manner: 

(1) Introduce the subject of the research 
(2) Inquire the general view of the interviewee on the value of short-term 

simulation for operational decisions 
(3) Inquire the personal view of the interviewee on the requirements for the 

successful application of short-term simulation 
(4) Inquire the personal view of the interviewee on the current challenges to 

short-term simulation 
(5) Discuss the outcomes of the case study 

The first part (i.e. (1) to (4)) of the interview consisted of questions related to their personal 
view. In order to avoid biased responses of the interviewees, the interviewer used open 
questions and did not reveal the case study outcomes in the first part of the interview. The 
most important outcome of the interview sessions was a combined list of requirements for 
the successful application of short-term simulation mentioned by the process mining 
experts, which is described in the next chapter. This list was used to compare it with the 
outcomes of the case study. 

3.5 Case description 

This section contains a description of the organization of the case and a description of the 
investigated business process within the organization. 

Name Acerta 
Industry HR services 
No. of employees 1200  
Area Belgium 
 
Acerta is one of the larger human resources (HR) services companies within Belgium. The 
bundle of HR services contains delivering payroll administration, social administration, 
legal consult, an assessment centre, coaching, training and various other services. The clients 
from the organization are from both the public and the private sector and the size varies 
from large companies to starters, although smaller companies tend to outsource their HR 
department activities more often. In total 1200 employees work at this organization at 22 
different offices throughout Belgium, so for the size of the country it is a large organization. 

One of the largest business processes within the company is related to its main discipline, 
namely payroll administration. The process starts with a request with activity name 
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CloseWagePeriod from a client for a payroll forecast of its employers for the current period. 
This request is sent from a web application. The request is received as an email by 1 of 22 
offices that are involved in payroll administration.  Each client is related to an office in its 
region. The request is picked up by a payroll administrator and the process continues at the 
side of Acerta. The activities executed by payroll administrators are registered by a 
mainframe system. This system is used to consult and correct the payroll data of the clients. 
The first manual activity (VLE3) is checking the calendar and salary of each one of the 
employees of the client’s organization for the current payroll period. The payroll 
administrator checks whether all fields are filled in correctly. For each employee of the 
organization, this check has to be executed. Normally the checks are done sequentially. 
When the activity is completed, the payroll administrator sends a command with activity 
name VLE4 to state that the automatic calculation activity LO56 can be started. This 
automatic activity calculates the gross and net salary. When all employees are checked, the 
automatic procedure LO56 can start. This activity is executed daily on working days, 
starting at 6 pm. Once executed, a forecast of the payrolls of all employees of the client is 
sent to the client. This activity is called VSP and is executed automatically as well. The 
described process is depicted in Figure 9. 

 

Figure 9 - Idealized representation of process Acerta 

The process seems to be straightforward and highly structured. However, this is an 
idealized process. In reality, the payroll administrator frequently needs to consult additional 
information to fulfil the forecast of the salary, e.g. to look up the insurance of an employee. 
This information can also be requested within the mainframe system. Furthermore clients do 
not always enter all the required information. In this case, the payroll administrator has to 
fill in the blank fields, because closing the period at activity CloseWagePeriod is 
irreversible.  

3.6 Research expectations  

The first expectation was that a number of data attributes were required to be registered in 
the information system. Next to the default process mining characteristics process instance, 
activity, resource and timestamp, the timestamp of both the start and end activity was 
required for the insight in execution times.  

It was expected that the success of the application of short-term simulation was completely 
dependent on the type of process and its information system. Unstructured processes were 
considered to be very difficult to apply short-term forecasts to, because the resulting process 
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model would probably be too generic to use. Furthermore it was expected that that the 
inclusion of a current state is more error prone in processes with concurrency. If for some 
reason the state information of a certain process instance does not include all parallel paths, 
it can happen that the process instance will not finish correctly.  

Since current states need to be extracted from the information system(s) for every 
operational decision, the way the process is stored was considered to have a large impact on 
the simplicity of retrieving a current state. When data needed to be combined from various 
systems to acquire the relevant information, the time and costs of retrieving the current state 
was expected to be larger than the value of the quantitative support of operational decisions.  

Next to the requirements for input data of the simulation model, the execution of the model 
needed to be realistic. The main concern to this respect was the modelling of resources, 
because scientific literature showed that this was the main challenge to BPS. 

The expectations, listed in Table 1, are used for the evaluation of the research findings in 
chapter 5. 

Research expectations 

(1) Essential data attributes are required to be registered in information system. 
(2) The development of a simulation model for unstructured processes is problematic. 
(3) The insertion of a current state can be problematic for processes with concurrency. 
(4) Straightforward data extraction from information system is required for the 

construction of the current state. 
(5) Realistic modelling of resources is required. 

Table 1 - Overview of research expectations 
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4 Results 

In this chapter, the results from the case study are described in a sequence similar to the case 
study design (Figure 10). First the phases for the development of the short-term simulation 
model are described, then the potential value of the short-term simulation for the support of 
operational decisions is tested in paragraph 4.5. In paragraph 4.6, an overview of the 
interview results is presented. An alternative method and its results on the case for the 
short-term forecast is described in 4.7.  

Prepare event 
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Increase 

process 

knowledge
Develop 

simulation 

model

Validate model

Execute 

simulations for 

scenarios

Data 

extraction

Section 4.1 Section 4.2 Section 4.3 Section 4.4 Section 4.5

 

Figure 10 - Overview of the described phases of the case study 

 

4.1 Data extraction and preparation event log 

The first two steps  were the extraction of the relevant data from the information system and 
the preparation of the event log. It took a significant amount of time and effort to come to 
the event log that is used for the process mining analysis. In this chapter, only the successful 
improvement activities and the main problems during this step are described. 

As described in paragraph 3.4, the payroll administrators use a mainframe system to execute 
the activities within the business process. The processes within the system are highly 
unstructured. An indication of the position within the spectrum of CSCW systems is 
provided in Figure 11. The mainframe application contains multiple screens for the 
consultation and modification of payroll and client data. These screens are called functions. 
In each screen, actions can be executed by keystrokes of the payroll administrator. Examples 
of actions are “confirm data”, “delete” or “scroll to previous period”. Each action is logged 
in the mainframe system.  
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The following relevant information is registered for every action: 

� Client-ID 
� Function 
� Action 
� Date and time of execution 
� User-ID of payroll administrator 

The complete list of functions is provided in appendix B. All 22 offices of Acerta use the 
same mainframe system and all activities are logged in the same system. It is not possible to 
distinguish the processes of the offices by a data attribute. All process instances started in 
one month with their corresponding activities are extracted from the database as a comma-
separated values file (CSV). Because over 300 employees are involved in this process, the 
small period of time already resulted in a large log file with over 3500 process instances. The 
next step is to convert it to an event log in a MXML process mining format. The data 
attribute function is chosen as process activity. 

 

Figure 11 - Position of mainframe system of Acerta within CSCW spectrum 

For each line in the CSV file, only one timestamp is registered by the mainframe system. 
However, execution times can only be determined if there are start and end activities 
registered in the event log. Therefore, sequential actions within the same application screen 
(i.e. function) were merged into one single activity with a start time of the first action of the 
sequence and a end time of the last action of the sequence. 

This can be done with process mining filters within ProM, but the merging of actions led to a 
wrong representation of activities in this case. This is caused by the fact that event logs are 
sorted by process instances. Suppose a user is working on a case in a certain screen and 
decides to start working on a different process instance (e.g. because more information from 
the client is required to proceed, the resource ends goes home, etc.). Two days later, no other 
user worked on the case and he continues working on it at the same activity where he left. 
These two actions would be combined to a single activity with an execution time of two full 
days. Since this faulty conversion appeared to occur frequently, the problem had to be dealt 
with. 
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ProM did not support merging actions from the resource perspective instead of process 
instance perspective. The solution was to merge the actions prior to the conversion to an 
event log. Therefore, the CSV file was sorted consecutively by resource and timestamp. 
Sorting the data was executed with an SQL query in MS Access, the script for merging the 
activities is written in Python (appendix C). 

 

Figure 12 - From CSV-file to MXML 

 The unique identifier (c.q. process instance) of a process is defined by the clientID. 
However, the client initiates a new process at least once per period. This results in a 
continuous stream of activities and a seemingly never-ending process. This behaviour is 
undesirable, because a simulation model needs a clear start and end point. For that reason, 
the process instances are split per period and the involved process instances are renamed for 
each period (e.g. 36691_0, 36691_1, etc). This was executed by the “Log splitting” plugin 
within ProM. The plugin required a semantic  annotated event log as input file (De Medeiros 
& van der Aalst, 2009). The conversion to this format was executed by the plugin “Annotate 
with default ontologies”. As a consequence of splitting the log, only activities that were 
registered between the start event CloseWagePeriod and end event VSP are included in the 
event log. This significantly reduces the total size of the event log, because other processes 
were also registered in the mainframe system (e.g. modifications to client details). 

The initial event log contained 33 different activities. Due to the characteristics of the 
mainframe application interface used in the process, the process is highly flexible. The Fuzzy 
miner is the best available mining plugin to deal with unstructured processes (Günther & 
van der Aalst, 2007). This plugin produces models with clustered activities. Interrelated and 
lower-frequent activities are captured in these clusters. The outcomes of the Fuzzy miner 
were compared with the number of occurrences of activities (see appendix C for results). It 
soon became apparent that the current event log could not be illustrated by an 
understandable model whilst maintaining an accurate representation of the real process. 
Therefore, two decisions were made: 

� Highly-related and similar activities were merged together; 
� Each activity must represent at least 1% of total number of activities within the event 
log. 

The total number of activities that were neglected for further analysis due to their low-
frequency cover less than 2% of the total event log, so the effect of this decision was limited. 
The first decision was discussed with a business process expert from Acerta to ensure the 



26 
 

right activities are merged together. Four sets of activities contained very similar events and 
one or more activities with a similar theme were often executed subsequently. The activities 
listed in Table 2 were remapped. 

Former activity names  New activity name 

JUR1, JUR2, JUR3, JUR4, JUR5, JUR6  ���� JUR 

AAN1, AAN2, AAN3                                ���� AAN 

COMT, COMO, COMA ���� COM 

WN11, WN12, WN13, WN14 ���� WN1 
Table 2 - Overview of remapping of activities 

Summary 
The preparation of the event log was not straightforward in this case. To acquire the start 
and end times of activities, a custom-built script had to be used prior to the conversion to an 
event log. After that, the process instances needed to be split to separate the different 
periods of process instances. To make the process more understandable, similar activities 
were merged and low-frequent activities were neglected. These improvement steps 
(depicted in Figure 13) led to the event log that was used for further analysis. 

 

Figure 13 - Overview of improvement steps in preparing event log phase 

4.2 Increase process knowledge 

In this phase, the results from process mining techniques are combined with information 
from a business process expert from Acerta and a consultant from MÖBIUS to increase the 
overall knowledge. A control-flow analysis was conducted prior to the development of the 
simulation model, because it was essential to ensure an appropriate process model could be 
developed.  

4.2.1 Control-flow analysis 

As stated in chapter 2, the discovery of the control-flow of a real-life business process is 
often a tough challenge. Many control-flow mining algorithms have been developed over 
the years and each has its own strengths and weaknesses. The suitability of a control-flow 
algorithm is dependent on the characteristics of an event log. The process model forms a 
basis for the eventual simulation model. In view of that substantial effort was put in 
acquiring the most appropriate model. Other perspectives, such as time or resource were not 
taken in account for the control-flow analysis. 

A variety of mining plugins was used to ensure the most suitable model was chosen. The 
Fuzzy miner helped to improve the event log in the previous step, but provided no 
functionality for a conversion to a Petri-Net. The Alpha and Alpha ++ algorithms did not 
provide satisfactory results. This was probably caused by the duplicate activities in the 
process. The genetic algorithm did not provide satisfactory results as well, because the 
algorithm was highly computational. Furthermore the algorithm is created to merely 
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reproduce the traces included in the event log, which makes it less suitable for this situation. 
The FSM Miner plugin was a promising approach, since it provides an approach to manage 
the balance between underfit and overfit of a model. Substantial effort was put in acquiring 
a suitable model using this plugin. Unfortunately all the acquired models contained many 
duplicate transitions, which led to unacceptably complicated models. An overview of the – 
in this case - unsuitable mining plugins is provided in table 3. 

Mining plugin Result 

Alpha/Alpha++ No satisfactory process models 

Fuzzy Miner No conversion to Petri Net possible 

Genetic algorithm Not developed for generalizations to the 
process model, highly computational 

FSM Miner Highly complicated models due to duplicate 
transitions 

Table 3 - Overview of control-flow discovery mining plugins 

The heuristics miner(Weijters et al., 2006) has proven to be a mining algorithm that is 
capable of dealing with noise (e.g. missing events in the log) and a suitable algorithm for the 
purpose of discovering the main process flow. The algorithm is configurable by a number of 
parameters. Hence the resulting models can deviate substantially depending on the values 
of the used parameters. Each model was converted to a classical Petri-net. The basic 
characteristics of a Petri-Net were acquired from analysis within ProM. The large number of 
places and transitions is caused by the logistic tasks which are included to make the Petri-
net model correspond to the more compact Heuristic model. The “Conformance checker” 
plugin in ProM was used to evaluate a number of discovered models (Rozinat & Van der 
Aalst, 2008). The plugin makes use of multiple metrics to evaluate the conformance of the 
model with the event log. In general, it checks how the specific model represents the set of 
process instances in the event log. The metrics concerning the structural appropriateness of 
the model were neglected, because none of the three candidates contain duplicate tasks due 
to the use of the Heuristics miner. Therefore they score equally high on these metrics. All 
candidate models are listed in  with the results of the metrics and the basic Petri Net 
characteristics. Each of the selected conformance measures to compare the candidate models 
needs some more explanation: 

� Fitness 
This is the extent (from 0 to 1) to which the event log traces can be “replayed” by the 
specified process model. This is the most important measure, because the execution 
of a simulation model should be similar to the real execution of the process.  

� Model flexibility 
The flexibility of a model from 0 to 1. This score is solely used in combination with 
the simple behavioural appropriateness score.  

� Simple behavioural appropriateness 
The mean number of enabled transitions (i.e. transitions that can take place from a 
specific place) for the complete set of event log traces in a scale from 0 to 1. A 
completely sequential model scores 1, whereas a so-called flower model (i.e. all 
transitions are enabled at any time) scores 0. This measure can only be used as a 



28 
 

comparative mean, because it is dependent on the degree of model flexibility. Since 
the outcome is no absolute score, it does not give away much information about the 
conformance of a model. 

� Advanced behavioural appropriateness 
This measure gives an absolute score to the precision of the model compared to the 
event log. It checks whether more possible paths through the process can be taken 
than present in the event log. 

 Candidate 1 Candidate 2 Candidate 3 

Heuristics miner parameters    

positive observations  200 400 800 

relative-to-best threshold 0,05 0,05 0,05 

dependency threshold 0,95 0,95 0,95 

length-one-loops threshold 0,95 0,95 0,95 

length-two-loops threshold 0,95 0,95 0,95 

long distance threshold 0,95 0,95 0,95 

Dependency divisor 1 1 1 

AND threshold 0,1 0,1 0,1 

use all-activities-connected 

heuristic 

yes yes yes 

use long-distance dependency 

heuristics 

no no no 

Petri-net characteristics    

places 55 49 17 

transitions 67 67 22 

arcs 243 245 44 

Conformance checker    

fitness 0.9890 0.9648 0.9400 

degree of model flexibility 0.6057 0.5623 0.5623 

simple behavioural appropriateness 0.9171 0.9266 0.9438 

Advanced behavioural 

appropriateness 0.9068 0.9112 0.9112 

Table 4 - Table with characteristics and conformance measures 

The three candidates have different values for the parameter “positive observations”. This 
determines the total frequency of transitions between two activities in the heuristics model 
as it is stored in the event log. Because the process model should have a balance between 
underfit and overfit (as described in paragraph 2.5), an overly detailed model is not desired. 
Therefore, the minimum number of positive observations was decided to be 200.  

The table shows that candidate 1 has the highest fitness, i.e. it can reproduce the most 
process instances from the event log of all three candidates. Because candidates 2 and 3 have 
the same model flexibility, it is possible to compare their simple behavioural appropriateness. It 
can be seen that candidate 3 scores slightly higher on this measure, which shows that this 
model is more sequential. Candidates 2 and 3 score slightly higher on advanced behavioural 
appropriateness, which means that those models are a little more precise.  

A better view on the control-flow of the processes was needed to decide which model will 
be selected. The “Flexible Heuristics Miner” in ProM 6 is used for further analysis (Weijters 
& Ribeiro, 2011). This plugin is developed to overcome problems with unstructured 
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processes and is therefore highly suitable in this case. It provides frequency tables for all in 
and outgoing arcs of each transition (see appendix D). This is extremely useful to ensure that 
all high-frequent paths between transitions are included in the model. It showed that 
candidates 2 and 3 did not include a number of paths between transitions which were 
executed frequently in the event log and thus the real process. The model was showed to a 
business process expert from Acerta and it was confirmed that this model was an accurate 
representation of the real execution of the process. Therefore, candidate 1, depicted in Figure 
14, was chosen as the most suitable process model for the simulation model. The absolute 
values next to the arcs in the figure represent the count of the transitions as it is stored in the 
event log.  The other value is the relational dependency, which is an indication of the 
certainty of a relation from 0 to 1. In short, a large number of counts in combination with a 
high relational dependency is strong evidence for a relation between the two activities. 

The model clearly shows that the real process differs significantly from the idealized 
process. The activities are initiated from the VLE3 activity. At the VLE3 activity, the salary 
and calendar are checked of employees. In many cases, more information needs to be 
consulted from other mainframe application screens. The other activities each represent 
other screens (full description of meaning of activities is provided in appendix B). At WN1, 
basic employee data (e.g. address and phone number) is consulted and updated. This 
activity – comparable to VLE3 – is also a gateway to multiple activities. Furthermore the 
model shows that activities JUR and COM are highly related. 

 

 



30 
 

 

Figure 14 - Heuristics model of candidate 1 
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4.2.2 Probabilities 

The process model contains a number of XOR-splits (i.e. choices for two or more activities 
once a specific activity is executed). Since there were no relevant data attributes logged 
within the system for a decision point analysis (Rozinat & van der Aalst, 2006), the choices 
within the process were made based on probabilities. These were calculated from historic 
information in the event log with the “Performance analysis with Petri-Net” plugin in ProM 
(appendix E). Especially for an unstructured model, the probabilities determine the paths 
and thus have a significant impact on performance measures such as throughput time.  

Summary 
The control-flow analysis was conducted in a structured manner. To ensure the most 
appropriate process model was chosen, conformance metrics were used and the model was 
reviewed by a business process expert from Acerta. The probabilities for each choice in the 
process were calculated by ProM and are essential for an accurate execution of the 
simulation model. 

4.3 Develop simulation model 

This section contains a description of all the analyses that were executed to acquire the 
required information for the eventual short-term simulation model. This model simulates 
the process during working time and does not include the out-of-office hours. This is taken 
in account for every characteristic. A working day has a length of 8 hours. 

4.3.1 Arrival rate 

The next step in the phase of developing a simulation model is to get more information 
about the arrival of new process instances (i.e. requests for payroll data of the current 
period). The arrival of a new process instance is automatically logged as an activity within 
the mainframe system when a client requests a forecast of the salaries for a specific period. 
Therefore these activities can also occur outside working hours and during weekends or 
holidays. The distribution of new arrival over one month is investigated by a dotted-chart 
analysis (Figure 15). It becomes clear that there is a very strong trend in the arrival of new 
processes. This shows that the mean arrival rate is highly dependent on which interval is 
chosen. This is illustrated by Table 5. This arrival rate does not mean that the overall 
workload of resources is much lower in the periods with a lower arrival rate, since the 
payroll administrator is involved in multiple other processes. The short-term simulation 
should be able to simulate the process whether it is a period with a high or low arrival rate 
of new cases. Therefore the validation phase contains a sensitivity analysis to evaluate the 
performance of the model dealing with various arrival rates. The default arrival rate was 
chosen to be the average over a month, 21.18 per hour. The inter-arrival times were assumed 
to have an exponential distribution. 
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Figure 15 - Dotted chart analysis of arrival of new process instances 

Period event log 1-31 March 2008 1-14 March 2008 15-28 March 2008 

No. Of cases 3559 2963 601 

Interarrival time (seconds) 169.94 97.20 527.12 

Average cases / hour 21.18 37.04 6.83 
Table 5 - Overview of arrival rates per interval of the event log 

4.3.2 Execution times 

Although measures had been taken during the preparing of the event log, not all execution 
times were logged correctly. The wrong execution times can be divided into two types, 
namely execution times with a duration of 0 seconds and large outliers. ProM only provided 
simple filters for this problem (e.g. neglect the lower and upper 5% of all execution times), so 
analysis using Microsoft Excel in combination with an exploration of data within SPSS 
Statistics was carried out. 

The exploration of data showed that a number of activities, executed by payroll 
administrators, had a duration equal to 0 seconds. These activities were registered 
incorrectly, because they only contained one action which was both the timestamp for the 
end and start time. Especially for VLE3 and VLE4, the incorrect logged activities had a 
substantial impact on the variability of the execution time. Although it could be assumed 
that activities consisting of just one action do not have a long execution time, there is no 
evidence to proof this. Since the set of 0-length activities muddle the view on the data 
distribution of the real execution times, they were ignored for further analysis.  

Next to the 0-length activities, large outliers were detected. Since these activities had a 
duration that exceeded the duration of a full working day, there was good reason to believe 
these activities were logged incorrectly and were not part of the population. According to 
the data exploration steps described in (Field, 2009), outliers with a z-score higher than 3.29 
were deleted for each activity. The resulting basic statistics of the execution times are 
provided in appendix F.The execution times have a varying arithmetic mean and standard 
deviation for each activity. This variability is ideally approximated by a theoretical 
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distribution with certain parameters (Greasley, 2004). Therefore the distribution of the 
historic data was investigated. Each activity appeared to have a more or less similar looking 
histogram as depicted in Figure 16. It shows that the utmost activities can be executed 
within a short amount of time, while a small number needs significantly more time. This 
was also confirmed by the process domain expert. Although a wide range of tests could be 
executed to find the distribution that estimates the data best, there is a limitation that should 
be taken in account. CPN Tools only supports a limited set of well known distributions. Of 
the available alternatives, the histogram is best replicated by the exponential distribution. A 
Kolgomorov-Smirnov Z test showed that each of the activities do not meet the hypothesis to 
fit it to an exponential distribution. The alternative would have been the construction of an 
empirical distribution and create a ‘random number generator’ within CPN Tools that is 
fitted to this distribution. This is considered out of scope for this research. Therefore, a 
distribution is chosen that best matches the shape of the histogram. It is assumed that all 
activities have an exponential distribution. 

 
Figure 16 - Histogram of the execution times (in seconds) of activity BAS3 

 

The automatic activities (CloseWagePeriod, LO56 and VSP) require no resources. Activity 
LO56 is a calculation of the gross and net payrolls and is executed in batches. Each working 
day, the batch operation LO56 starts at 6 pm after the normal working hours. The amount of 
waiting time between the the last non-automatic activity and LO56 is determined by the 
time of execution of the last non-automatic activity. It is assumed that the average workload 
is equally distributed over a day. Therefore, this activity has been modelled as an activity 
with no execution time and a waiting time with a discrete uniform distribution from 0 to 
28800 seconds (i.e. 8 hours). 

4.3.3 Throughput times  

The throughput times of the process instances were of interest for the validation of the 
simulation model. They were retrieved by the plugin “Basic Performance Analysis” in ProM. 
Because the analysis possibilities of throughput times within ProM were limited, Microsoft 
Excel was used for a more thorough analysis. The throughput times during office hours of 
all process instances is illustrated in Figure 17. It can be seen that the throughput time is 
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moderately low for the lion’s share of cases. To be more precise, more than 89% is executed 
within 2 working days. The real throughput time in days is slightly larger than the number 
of working days as shown in . This is caused by the interruption of weekends, which is only 
considered in real time. Another reason is that clients can start a request with 
CloseWagePeriod at any time. For example, if a client makes a request on Saturday 9 am, the 
throughput time registration is started at Monday 9 am for the case “throughput times 
within office hours”. In case of a real throughput time, a throughput time of 2 days is 
already logged. 

Throughput time Within office hours Real time 

 Hours Working days Hours Days 

Average 12.09 1.51 47.96 2.00 

Standard deviation 17.60 2.20 73.95 3.08 

Table 6 - Overview of throughput time 

 

Figure 17 - Throughput time within office hours in working days 

 

4.3.4 Resources 

Human resources are involved in all activities that represent (one or more) mainframe 
application screens. In typical business processes, different resource groups can be assigned 
to a set of activities, e.g. a back-office and front-office group. Nevertheless, the 
“organizational miner” plugin showed that all resources are part of one group that handles 
all manual activities. In total, no less than 333 resources were involved in the process over a 
period of a 27 working days. Investigation of the number of executed activities per employee 
revealed that a large proportion of employees executed a small number of activities. The 
investigation of reasons for this phenomenon would have been tremendously time-
consuming, because the process is divided over 22 offices that work autonomously. Possible 
reasons are hired employees, temporary employees from other departments/processes or 
simply an incorrect registration of employees in the information system. To choose a realistic 
number of resources for the model, the number of resources and activities involved in the 
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process were compared with the number registered in the complete mainframe system. The 
system also contained a set of resources with an extremely low number of executed activities 
for the inspected period. Since all resources execute the same activities, it can be justified 
that all activities were regarded as one group for this comparison. The decision was made to 
ignore resources that each executed less than 5% of the number of activities of the resource 
with the most number of executed activities. As a consequence, 250 resources remained for 
further analysis.  

The next step was to select a number of resources for the simulation model. Therefore the 
proportion between the number of activities and (remaining) resources was used to estimate 
an appropriate number. Table 7 shows that 22 resources were used. 

 Case study process All processes within 

information system 

% 

Activities 37735 434944 8,68% 

Resources ≈ 22 250 8,68% 

Table 7 – Proportions of number of activities within case study process and IS 

4.3.5 Developing model in CPN Tools 

From multiple analyses, the required information was gathered to develop a simulation 
model. ProM contained an advanced plugin (i.e. “Merge simulation models”) that combined 
the perspectives of control-flow, organizational and performance into one simulation model 
and export it to CPN Tools. This facilitated the development, because the large Petri Net did 
not have to be reconstructed in CPN Tools. The other characteristics, (i.e. execution times, 
arrival rate, number of resources) had to be modified manually in CPN Tools, because they 
were acquired from analyses outside of ProM. The resulting CPN model is provided in 
Appendix G. 

Summary 
Prior to the actual development of the simulation model, the input data for the parameters 
needed to be gathered by analysis of the data. Analysis of the arrival rate showed a 
significant trend. The throughput times were calculated for the purpose of validation of the 
simulation model. The execution times of activities were acquired by statistical analysis in 
SPSS rather than process mining analysis, because ProM did not provide sufficient 
functionality to deal with outliers. The analysis of the involved resources led to the 
conclusion that a large number of resources were only incidentally involved in the process. 
Therefore the decision was made to decrease the number of resources for the simulation 
model. The model was built in CPN Tools with the aid of a conversion plugin in ProM. 

4.4 Extension to simulation model 

After the number of involved resources were determined, modelling the availability of 
resources was the next challenge. As stated in paragraph 2.5, it is considered to be one of the 
biggest challenge of business process simulation. Traditional simulation models contain 
resources that are always available and ‘eager’ to start working. This obviously leads to too 
optimistic results. Therefore, two measures were often taken, namely the introduction of 
artificial waiting times and the reduction of the number of resources. This kind of 
justification to get a result that is similar to reality is undesirable, especially within short-
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term simulation. It implies that the throughput time of a process instance is at least as large 
as the sum of (artificial) waiting times, which is often not the case. Furthermore the 
reduction of the number of (full-time available) resources influences the queuing behaviour 
and the number of cases that can be handled simultaneously. Therefore these simulation 
models only produce realistic results for the “normal process” with an average arrival and 
number of cases in process. In contrary to this, the short-term simulation had to be 
applicable to various different states, since it starts from an unknown current state.  

In this research, the limited availability of resources for a business process was implemented 
in the simulation model. Each payroll administrator had a predefined availability 
percentage to the process. Each resource is in one of three following states at any time 
during working hours: 

1. Working on a case; 
2. Idle and waiting for a case to arrive; 
3. Unavailable for the process. 

Within the period of a pre-defined horizon, the available time for a process was determined 
by the predefined availability multiplied by the length of the horizon. Once a resource has 
executed activities for a period equal to the amount of time he is defined to be available, he 
becomes unavailable for the remaining time during that period. The introduction of this 
concept enhanced the simulation model and made it reflect reality in a more natural way. 
The extension to the model is depicted in Figure 18. For this case, the horizon was set at 1 
working day. A long horizon(e.g. a full week) would be unrealistic, because that implies it is 
possible a resource works continuously on activities for 8 hours or more, without any breaks 
or involvement in other processes. It was assumed that a payroll administrator works daily 
on the described process; hence a horizon of 1 day makes sense. 

This extension is based on an approach described in Van der Aalst et al. (2008). In this 
approach the availability of resources was also regulated by an availability fraction and a 
horizon. Furthermore, the assumption was made that resources divide their work into equal 
portions called chunks. Once a resource starts working on the process, he/she would remain 
available to the process for the duration of the chunk size, whether there is work available or 
not. Although the division of work in chunks might be something that a lot of human 
resources would do, it is unlikely that resources will remain waiting for new cases to work 
on instead of starting with other work, for the duration of a chunk size. Furthermore, it is 
completely unclear how long a chunk should be and how this differs per resource. 
Therefore, it was decided to leave the division of work in chunks out of the extension of the 
model. 
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Figure 18 - Extension to the simulation model to model availability of resources 

4.5 Current state 

The starting point for any short-term simulation is a certain state of the process. For the 
support of operational decisions, the current state is the interesting state to start from. This 
state should be extracted from the information system right before a simulation is executed. 
Ideally, the current state is retrieved from an event log. With the aid of process mining 
filters, all running instances can be extracted. The following filter is required: 

Select all process instances starting with the default start activity 
(CloseWagePeriod in this case) and ending with any activity, except the 
default end activity (VSP in this case). 

 For this case, extraction of the current state was problematic. The mainframe system 
contained multiple processes to support the payroll administration and the relevant data 
could not be separated by distinguishing data attributes or process instances. The event log 
was initially logged in streams of activities for each client and it was necessary to split the 
streams into separate process instances. But this could only be done successfully by splitting 
the data by the start and end event of the process (i.e. CloseWagePeriod and VSP), which 
means the resulting event log merely contained complete processes. It has been attempted to 
extract (a large part of) the current state in other ways, e.g. by counting the number of 
streams of activities in the initial event log that end at CloseWagePeriod. The result was a 
large number of cases, namely 268. This set contained start activities registered more than a 
month ago. It was highly unlikely that all these activities were part of the actual current state 
of the process, since processes are normally completed within two working days.  

Due to the mentioned problems, the decision was made to generate fictive but realistic 
current states. The lion’s share of waiting time occurs between the starting point 
(CloseWagePeriod) and the first non-automatic activity (VLE3), because process instances 
were often completely handled by one resource. Therefore all current states contained a 
collection of process instances that are queued before the automatic activity 
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CloseWagePeriod. The number of process instances in a current state was dependent on the 
operational decision scenario. 

4.6 Validate model 

This phase actually contains two parts, namely verification and validation. The purpose of 
verification was to detect and remove errors in the simulation model. This phase was highly 
iterative. Although the process design and its performance was acquired from a thorough 
analysis, verification was needed to ensure the model functions according to the analysis 
results. Because CPN Tools provided limited animation possibilities, adequate monitors 
were created to check the simulation results. A monitor within CPN Tools is a mechanism to 
observe, inspect or control a simulation. For example, the number of cases in process can be 
registered by a monitor. Various test runs were made to check the model behaviour on a 
number of model characteristics. For example, the frequencies of executed activities were 
checked to ensure the right probabilities were inserted. Furthermore the process was 
checked on missing tokens, tolerable use of resources and to measure the impact of the 
extension to the model. 

The validation of a simulation consists of three aspects (Pegden et al., 1995): 

� Conceptual validity – Does the model adequately represent the real-world system? 
� Operational validity – Are the model generated behavioural data characteristic of the 
real-world system behavioural data? 

� Believability – Does the simulation model’s ultimate user have confidence in the 
model’s results? 

It cannot be said the simulation model represents the real process completely correct and 
thus conceptual validity cannot be met entirely. Three main problems were identified to this 
aspect, which will be described below: 

(6) No centralized arrival of process instances in reality 
(7) The availability to the process is not equal for every resource in reality 
(8) No real current states were used 

ad. (1): First of all, a problem was that there was no centralized arrival of new process 
instances. A request (i.e. process instance) was sent to one of the 22 offices and handled by 
the resources working at those offices. Normally there was no handover of work between 
the offices. This means that one office could face a large queue of new arrivals, while the 
resources of another office group were waiting for new arrivals to come. Within the 
mainframe system, these offices could not be distinguished. This difference causes the 
simulation model to divide work over all the involved resources more effectively than it is 
the case in reality. Hence it is expected this will lead to a more optimistic view on 
throughput times and queues. As a side note, it must be stated that the decentralization of 
case arrivals in the real-life process probably leads to a decrease of execution times due to 
the specific case knowledge of the resources. Nevertheless, this effect was assumed to be 
marginal compared to the average waiting times caused by decentralization of the arrival of 
new instances. 
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ad. (2): The availability of resources was modelled by one fixed percentage. Although this 
was configurable for each simulation run, with the used model it was not possible to 
provide a mixture of full-time and part-time resources for example. There was no 
information available about the number of hours per week each resource was working at 
Acerta, thus a configurable percentage of availability for all resources together was the best 
option. 

ad. (3): The current state of the process could not be extracted as stated before. Therefore, the 
results of the simulation model could not be compared with the real process data given a 
certain current state. To reduce this limitation, realistic current states were created and used 
for simulation. 

The mentioned deviations of the real-world process had an impact on the operational 
validity of the model. Especially the optimal distribution of work over the available 
resources caused by (1) reduced the average throughput times significantly compared to 
reality. It did not make sense to include artificial waiting times to limit the impact of the 
deviations in pursue of throughput times comparable to the real process. Therefore, the 
results of the simulation model might differ from reality with respect to throughput times. 
However, the use of process mining techniques has limited the number of required 
assumptions significantly, because it was possible to extract average execution times and 
arrival rates from large datasets. Furthermore the modelled availability and the lack of 
artificial waiting times makes this model conceptually more valid than traditional BPS 
models.  

Test runs were executed to measure the average workload of resources for different 
availability percentages. It was known that the throughput time in the real process mainly 
consisted of waiting time; the execution times of the sum of activities are a small fraction of 
the total time a process instances spends in the system. To simulate this behaviour 
accurately without artificial waiting times, the average workload should be relatively high, 
whilst maintaining its robustness to variations in the process. Eventually, a default 
availability of 45% was chosen. The period of a short-term simulation was chosen to be 10 
working days. All simulations were repeated 50 times, in order to reduce the confidence 
intervals (CI) and increase reliability of the results. 

The development phase and the validation of the model led to a short-term simulation 
model with a number of assumptions and default parameters. The assumptions were made 
to simplify the model. The performance characteristics were acquired from monitors in CPN 
Tools. 

Assumptions 

� The inter-arrival times are exponentially distributed with mean 
�
� = ��; 

� The execution time of each non-automatic activity is exponentially distributed with 
mean ����	
	��; 

� Cases arrive at one central starting point of the process; 
� Cases arrive during working time; 
� All resources can work on all cases; 
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� Resources work 40 hours per week at Acerta. The resources are available to work on 
the process for a fixed percentage  of time (defined by a) per horizon h; 

� The waiting time for LO56 follows a discrete uniform distribution with ��; 28800�,   
� = 0,1, … ,28800 seconds. 

Default parameters 

Parameter Symbol Default value 

Horizon h 1 working day 

Availability a 45% 

Resources r 22 

Arrival rate (cases/hour) λ 21.18 

Short-term period  10 working days 

No. of simulation 
replications 

 50 

Table 8 - Default parameters of simulation model 

Performance characteristics 

Characteristic Symbol Description 

Average 
workload 

���  This represents the utilization degree of resources within their 
availability to the process. This means that a resource with an 
availability of 45% can still have a workload of 100%. 

Average cases in 
non-automatic 
process 

��̅ The non-automatic process represents all cases except the cases 
waiting for LO56 and VSP. This characteristic shows the 
average number of cases in this part of the process. 

Average cases in 
process 

��̅ This shows the average cases in the total process, with cases 
queued for LO56 and VSP included. 

Throughput 
time 

��  The average time cases flow through the process, including 
execution and waiting times. 

Average 
number of cases 
completed 

  ̅ This counts the average number of cases that are completed at 
the end of the period. 

Table 9 - Performance characteristics of simulation model 

Table 10 shows the results of the simulations for different current states. The table shows 
that the current state of the process has a substantial impact on the average throughput time 
and workload.  

The results show that the initial current state has a significant impact on all performance 
characteristics over the period of 10 working days, due to the high workload with the chosen 
availability. The number of cases CT - CN is the portion that is queued for the batch 
calculation LO56. This batch calculation has no maximum number of handled cases, 
therefore a relatively high number for CT is not always direct evidence for an overloaded 
process. 
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Test run a r λ Current  
state 

!""" CI(#� ) 95% S $�% $�& U 

1 45 22 21.18 0 4.36 (4.35; 4.38) 1600.10 9.27 90.58 90.63% 

2 45 22 21.18 80 4.51 (4.47; 4.54) 1677.02 12.63 97.86 94.55% 

3 45 22 21.18 200 6.77 (6.50; 7.05) 1790.92 65.22 155.99 99.67% 

Table 10 - Overview of test runs with different current states 

Summary 
The validation revealed three main problems to the validity of the model. Because these 
problems could not be overcome easily, it was not possible to make the simulation model 
completely accurate. The simplifying assumptions to the model and its default parameters 
were elaborated. Monitors were used to measure the performance of the simulation model 
in CPN Tools. 

4.7 Operational decision scenarios 

Once the development of the short-term simulation model was finalized, its value for the 
support of operational decisions was tested. Three different scenarios were constructed to 
show how the results of simulations of what-if scenarios can provide quantitative support 
for operational decisions.  

Scenario 1 

Many organizations regularly organize a day for all employees of one or more 
department(s) to do something outside their regular work, e.g. fundraising for charity, team-
building activities or a sport contest. During these days, the regular work is suspended, 
which causes extra work in the days after such an event. In these cases, operational 
managers might be unsure about the effects on throughput times and the workload of 
resources. The following scenario is written for Acerta: 

The complete department of payroll administration will have a day of team-building activities on a 

normal working day. The resources worked extra hard to bring the cases in progress to a minimum 

the day before. While new cases will arrive with the average arrival rate, no work on cases will be 

executed for one day. The department faces a current state with 170 new cases the day after the team-

building day. The operational manager wants to know the impact of this current state on the 

throughput times. To cope with the problem, the manager can either hire one extra employee 

temporarily or postpone other processes resources are involved in. The latter would change the 

availability of all resources to 55%. 

For this decision, the two alternative choices for the manager were compared with the 
scenario when no modifications were made to the process. Without simulation, it was 
assumed that both choices led to improvements, but the effects were difficult to estimate. 
Since each choice involves a certain amount of costs and since these type of choices are made 
regularly, the quantitative support for this decision is unquestionably valuable. The results 
of the comparison are listed in Table 11. The averages of a short-term simulation are not 
always particularly insightful. More intuitive is the comparison of the average number of 
cases in the process over the period of 10 days (1 working day is 28800 seconds), as depicted 
in Figure 19. These are sample runs of one of the replications of the simulation, but they 
provide a clear view on the time it takes to “recuperate” the stability of the process. 
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The comparison shows that increasing the availability especially has a high impact on the 
utilization degree of resources. The recuperation time of the process to a more stable 
behaviour is about 4 working days (i.e. 115,200 seconds) for the two alternative choices, 
whereas it takes approximately 7 days if no measures are taken. Postponing other processes 
for all resources during a period of 10 days (option c) is the most favourable option, since it 
scores better on all performance characteristics than C. It is also more robust to a possible 
increase in arrival rate due to its lower utilization. However, the effects of the alternatives 
should be weighed with their costs to make the decision for the optimal choice. 

Scenario 2 a r λ Current  
state 

!""" CI(#� ) 95% S $�% $�& U 

a:  

no modifications 

45 22 21.18 170 6.11 (5.87; 6.35) 1751.92 49.04 137.90 98.53% 

b:  one extra 

resource 

45 23 21.18 170 5.43 (5.29; 5.56) 1769.18 33.59 123.38 94.81% 

c: availability of 

55% 

55 22 21.18 170 4.78 (4.75; 4.82) 1773.06 19.41 109.40 81.97% 

Table 11 - List of characteristics for three what-if scenarios 

 

 

Figure 19 – The average number of cases starting from a current state of 170 cases 

Scenario 2 
At Acerta, the arrival rate of new cases followed a significant trend with a monthly recurring 
pattern. The following scenario is constructed to show the impact of a change in arrival rate: 

The arrival rate is expected to increase with 20% for the next two weeks. The workload is already high 

with an average arrival rate, so throughput times and average number of cases in the process are 

likely to increase. The current state contains 80 cases. What is the actual impact of this increase and 

what are the effects of adding extra resources or increasing the availability of resources (e.g. by 

working extra hours)? 

An evaluation of three alternatives is made:  no modifications (a), two extra resources (b) or 
increase the availability to 55% (c). The results are listed in Table 12. In Figure 20, the 
average number of cases in the non-automatic part of the process (CN) is outlined. It shows 



43 
 

that adjustments are needed to prevent an explosion of cases in process, which is happening 
for scenario a. Although it could be assumed that the number of cases would increase, an 
accurate forecast is very difficult to make without simulation.  

Even with two extra resources, the workload is at its full capacity. The graph shows a large 
sawtooth-shaped line for scenario b. This is caused by the full utilization of resources 
whenever they appear to be available for the process. It can be concluded that the process is 
barely kept stable with two extra resources. Increasing the availability to 55% appears to 
lead to a rapid reduction of the number of cases originating from the current state.  

Scenario 2 a r λ Current  
state 

!""" CI(#� ) 95% S $�% $�& U 

a: no 

modifications 

45 22 25.42 80 7.55  (7.21; 7.89)  1838.44 109.56 202.90 100.00% 

b:  two extra 

resources 

45 24 25.42 80 5.56  (5.34; 5.79)  1970.10 44.92 145.23 100.00% 

c: availability 

to 55% 

55 22 25.42 80 4.48  (4.45; 4.51)  1996.04 14.34 115.86 92.33% 

Table 12 - List of what-if scenarios and their performance characteristics 

 

 

Figure 20 - Average number of cases in the non-automatic process per scenario 

 
Scenario 3 
Operational managers regularly receive last-minute requests from employees for taking 
days off. In these cases, managers usually base their decision to accept or reject this request 
on experience rather than quantitatively supported. This scenario describes such a situation: 

In a period with an average expected arrival rate, two resources are taking a holiday break for two 

weeks. The current state contains 80 cases. What is the effect of this decrease of available resources? Is 

it required to hire an extra employee? 

The evaluation of the three scenarios led to interesting insights (Table 13 and Figure 21). 
Although the degree of utilization is nearly at its maximum for all scenarios, the effects on 
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number of cases in process and throughput time are limited. To have a safety margin for 
unexpected changes, the manager could hire an extra resource. But based on the statistics, it 
does not appear to be necessary. 

Scenario 3 a r λ Current  
state 

!""" CI(#� ) 95% S $�% $�& U 

a:  

no modifications 

45 20 21.18 80 5,57 (5.31;5.83) 1677.02 37,25 121,20 99,75% 

b:  one extra 

resource 

45 21 21.18 80 4,89 (4.78; 4.99) 1679.60 21,28 106,53 98,31% 

c: two extra 

resources 

45 22 21.18 80 4,51 (4.47; 4.54) 1645.94 12,63 97,86 94,55% 

Table 13 - Performance characteristics for scenario 3 

 

 

Figure 21 - Average number of cases in process for scenario 3 

Each scenario shows the impact of current states for such a short period of time. The 
differences between scenarios with respect to throughput times are not always extreme, but 
an increasing number of cases in process over time should be alarming for an operational 
manager. In addition, this model assumed that every resource spends 45% of his time on the 
process on a daily basis. In many other processes, certain activities such as receiving 
approval of a superior take up more waiting time, because the related resources are 
involved in many other processes and have different priorities. Since this was not the case 
for Acerta and because all resources can work on any non-automatic activity, waiting times 
were limited in this model. In appendix H, more graphs of sample runs of each scenario are 
provided. 

Summary 

Three operational decision scenarios were described in this chapter. It showed that the short-

term simulation can give meaningful insights with respect to the performance of the process 

under possible what-if scenarios.  
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4.8 Interview results 

A total of four interviews were conducted. Three out of four interviewees were process 
mining consultants, working at different organizations. The fourth interviewee was a 
researcher from the TU/e. More detail on the interviewees is provided in appendix I.  

The main reason for the interviews was to inquire them about their personal views on 
requirements for the application of short-term simulation in real-life business processes. A 
summary of their mentioned requirements is listed in table 14. 

Minimum requirements: Mentioned: 

(1) Essential data attributes for simulation are registered.  
(2) Resources are modelled reasonably realistic. 
(3) Expert in process mining and simulation is involved. 
(4) The right level of detail is chosen by aggregation of data. 
(5) The execution time of the simulation takes acceptable 
amount of time. 

(6) Model is robust to process modifications. 
(7) Choices within the simulation model are based on data 
attributes. 

4 / 4 
4 / 4 
3 / 4 
2 / 4 
1 / 4 
 
1 / 4 
1 / 4 

Table 14 - Minimum requirements for short-term simulation 

 
They all agreed that an evaluation should be made whether it is possible to obtain all the 
essential data for simulation (1). Regarded as essential is at least the registration of a 
timestamp for start and end of an activity, the involved resources and the registration of 
process instances and activities. Their views differed on the simplicity of this evaluation; 
some think this step is straightforward, while others think it can be difficult to determine all 
required data is available before a thorough analysis is executed. A realistic representation 
of resources (2) was considered to be essential by all interviewees. This criterion is twofold; 
it consists of obtaining the average availability to the process of the involved resources, but 
also the right way of modelling the execution of activities by resources, taking in account the 
human behaviour. Various ways to obtain the availability were mentioned, such as 
interviewing resources to gather knowledge, let resources log all their activity for a specific 
period of time or develop better heuristics to mine this. Involvement of experts (3) is 
required according to the participants because simulation tools are too advanced to be 
handled by someone without adequate knowledge on this matter. Furthermore it was 
mentioned that simulation models need to be advanced and have detailed settings in order 
to make them realistic. The criterion about aggregation of data (4) was raised to point out 
that models that directly make use of the low-level tasks are hardly insightful. The execution 
time of a simulation model (5) was considered as crucial, because operational managers 
often have a certain time pressure for the operational decisions they have to make. The 
robustness of models to process modifications (6) was mentioned to emphasize the 
importance of the flexibility of a model. For example, adding one resource should not make 
the model less accurate. Finally, the criterion about choices based on data attributes (7) aims 
at the utilization of a decision point analysis on relevant data attributes, in order to avoid a 
random execution of the control-flow. One of the interviewees considered this to be a 
requirement for the successful application of short-term simulation. 
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4.9 Alternative method: Time prediction based on generated state machine 

The case study revealed a number of strengths and weaknesses of the application of short-
term simulation, which will be discussed in chapter 5. In order to complete the evaluation, 
the method should be compared with alternative methods for short-term forecasts. In this 
section, an alternative method is presented that is also based on process mining techniques. 

This approach (Van der Aalst et al., 2009) aims at the construction of an annotated transition 
system. This system contains information about the elapsed times (e.g. the average time to 
reach a state), sojourn times (e.g. average time spent in a state) and remaining times (e.g. 
average time left to reach the end). It can be used to predict the throughput times of cases 
which are in the system, based on historic information and its current position in the 
process. The transition system is configurable by a number of abstractions. Research showed 
that this type of prediction can be more reliable than simple heuristics, such as estimating 
half of the average flow time for running cases. The method is included in ProM as the “FSM 
Analyzer” plugin. 

The method was applied to the Acerta case to investigate its value. The transition was 
configured in such a way that each possible state in the annotated transition system 
represented one of the activities of the process. A k-fold cross-validation (with k=10) was 
executed to obtain an accurate measure for the Mean Absolute Error (MAE) of the 
predictions. For the cross-validation, the event log was split in 10 separate sets. Of the 10 
sets, one is selected as a test set, while the K-1 sets are merged and used as a training set. 
This was repeated 10 times and those results were averaged. The cross-validation method 
was not supported by ProM, so the separation of the event log was done manually.  

The results of the cross-validation (appendix J) showed that the predictions were even worse 
than simple heuristics for this case. It showed that the state of an individual case (i.e. the last 
registered activity executed for a case) did not reveal much information about the remaining 
time a case spends in the process. This can be explained by the flexibility of the process. For 
example, VLE3 is often the first and last activity of all non-automatic activities. Therefore the 
state itself does not give away much information about the remaining time. It can be 
concluded that this method is best applied to a highly sequential process, because the states 
of those processes give away more information about the expected remaining time than 
activities in an unstructured process. 

Compared to short-term simulation, the main strength of this method is the limited time it 
takes to perform this analysis. The major weakness is that it only regards historic 
information and does not take in account the effects of the current workload, number of 
available resources or arrival rate. Therefore the reliability of the forecast is uncertain, 
especially when the current workload is considerably deviating from the average behaviour 
of the process. Furthermore, the outcome of this method is less informative than the output 
of a short-term simulation model. It only produces a forecast of remaining time for a single 
case, whereas a short-term simulation model can produce detailed information about the 
predicted number of cases in the process, change in throughput times for different scenarios 
and can give a chronological view of the short-term behaviour of a process.  
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5 Discussion 

In this chapter, the minimal requirements and possible success factor for the application of 
short-term simulation are discussed. For this discussion, the research expectations, interview 
results and case study results are evaluated to acquire a comprehensive view on this matter. 
To structure the discussion it is divided into three parts, namely information system, process 
and simulation model. 

5.1 Information system 

From the conducted case study, it became clear that a minimum set of essential attributes 
needed to be registered by the information system in order to use process mining techniques 
adequately for the development of a short-term simulation. This was also expected prior to 
the research. Also, all process mining experts confirmed the need for a basic set of attributes. 
First of all, process instances should be distinguishable by unique identifiers. In the case 
study, process mining techniques were needed to split the stream of activities related to a 
client in separate process instances. This required substantial effort and made it impossible 
to retrieve the current state, therefore the presence of unique process instances is a minimal 
requirement. The average execution times of activities of the simulation model have to be 
based on data from the event log. This implies the need for at least a registration of a start 
and end time of each activity. For each executed activit, it should be registered by which 
resource it is executed and to which process instance it belongs. The first requirement 
enables the analysis of the underlying organizational groups and the latter enables a control-
flow analysis.  

As mentioned in paragraph 2.2, CSCW systems entail a wide variety of systems. Besides the 
need for a set of data attributes registered in the system, the complexity of the extraction, 
caused by the structure of the CSCW system, is a factor that has a considerable impact, 
especially on the retrieval of the current state. Based on the case study research, no judgment 
can be made about the difficulty of short-term simulation for various information systems. 
In general, more data-centric systems (e.g. SAP) require an extensive investigation to find 
out where all relevant data is stored, which makes it unlikely a current state can be extracted 
easily.  

In contemporary information systems, the alleged activities are often logged differently in 
the information system. In many cases more low-level activities are registered by the 
information system which are less meaningful. Therefore, an adequate aggregation of data 
was considered as a minimum requirement by two process mining experts, because it 
improves the explanatory value of the eventual process model. The case study showed how 
the aggregation of data can improve the understandability of the process model, whilst 
representing the real process realistically. The process mining expert should always 
collaborate with a business process expert to this respect. Although it is clear that adequate 
aggregation of data can improve a simulation model, it is considered to be a possible success 
factor rather than a strict requirement. This is done because there is not enough evidence to 
conclude that it is impossible to successfully develop a short-term simulation model without 
the aggregation of data. 
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5.2 Process 

The development of a simulation model for unstructured processes was expected to be 
problematic. The results of the case study showed that a sequence of deliberate choices (e.g. 
merging of activities, filtering out low-frequent activities, choosing an abstraction level) 
made it possible to develop an insightful simulation model. Due to the included 
probabilities for each alternative path (XOR-split) in the process model, the collection of 
simulated paths through the process is analogous to the real process. Therefore, a certain 
structuredness of a process is no longer regarded as a minimum requirement. 

A more or less steady arrival rate of process instances increases the likelihood of accuracy of 
the simulation model significantly. The short-term simulation model in the case study 
assumed an arrival rate with a theoretical distribution (e.g. exponential) and a fixed mean. 
Although the mean can be modified, it is difficult to forecast the exact arrival rate when it 
was proven to be unstable. Therefore, a steady arrival rate of the process is considered to be 
a possible success factor that simplifies the application of short-term simulation. 

Another expectation was that the inclusion of a current state is more error prone in 
processes with concurrency. Although this was not mentioned as a requirement by one of 
the process mining experts, the problem is evident. When a current state does not include all 
parallel paths for a certain process instance correctly, tokens can remain in the simulation 
model and the process instance might not finish the process properly. The case study 
process contained no concurrency, therefore the effects have not been tested. More research 
is required to evaluate the complications for to this aspect. 

5.3 Simulation model 

This section addresses the requirements and possible success factors to the simulation model 
and its development and execution. 

The case study revealed that the development of an accurate simulation model requires 
advanced knowledge of BPS and process mining. Also three out of four process mining 
experts mentioned this could not be done successfully without the involvement of an expert, 
which confirmed that the involvement of an expert can be considered as a minimum 
requirement.  

The extraction of the current state should be much more effortless than the development of 
the simulation model, since this procedure has to be repeated for every short-term 
simulation. In order to establish a relatively simple procedure, both the extraction and 
implementation could be facilitated. A custom-built application could substantially reduce 
the required effort for extraction of the relevant data. For the implementation, the extracted 
data needs to be aggregated into the abstraction level of the simulation model. Either a 
sequence of process mining filters can be used or a custom plugin which automatically 
combines the required filters. A more straightforward data extraction was also considered as 
one of the minimal requirements in the research expectations. Because it is debatable what is 
straightforward and what is not, it is decided that this is a possible success factor instead of 
a strictly minimal requirement.  
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One process mining expert mentioned that choices within the simulation model had to be 
based on data attributes by means of a decision point analysis to ensure a realistic outcome. 
The experience from the case study was that the implementation of probabilities made the 
sequences of execution of the activities acceptably realistic. It must be stated that this can be 
different for other processes. Nonetheless, the inclusion of a decision point analysis is not 
considered to be essential. 

Naturally, the accuracy of the developed model itself is of vital importance to the evaluation 
of its applicability. In line with scientific literature, all process mining experts stated that the 
correct modelling of availability of human resources is a minimal requirement. The case 
study showed that the extension to the simulation model can overcome these problems for a 
great part. Furthermore, the operational decision scenarios revealed that the availability of 
resources had a large impact on the performance of the process. Therefore, it can be 
confirmed that realistic modelling of resources is essential. Nevertheless, there is certainly 
room for improvement for the modelling of the eagerness of human resources. Also, waiting 
time caused by external factors instead of queues within a process (e.g. waiting for 
additional information from a client) is difficult to implement in a simulation model when 
this is not registered in the information system.  

The exclusion of artificial waiting times made the model more adaptable and robust to 
process modifications, which was pointed out as a requirement by one process mining 
expert. It is known that robustness is a general criteria for simulation models, but it is 
considered to be even more critical for short-term simulation. This is because a short period 
of time is likely to deviate substantially from the average flow of the process. For that 
reason, the accuracy of the short-term simulation model is highly dependent on its 
robustness. It can be concluded that this is a minimal requirement. 

Lastly, an acceptable execution time of the simulation was mentioned by one process mining 
expert as a requirement. The experience of the case study was that the execution time of the 
simulation time was not problematic. Therefore, this is not considered to be a requirement 
that should be taken in account. 

5.4 Concluding remarks 

From the discussion in this chapter, it can be concluded that a substantial number of 
requirements and success factors should be met for the successful application of short-term 
simulation. The outcomes of this discussion are used to answer the research questions in the 
next chapter. 
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6 Conclusion 

In this chapter the conclusions and practical implications of the research project are 
presented. This chapter also serves to critically evaluate the limitations of the research and to 
describe in what direction future research should be aimed. The conclusions will be drawn 
in paragraph 6.1. Subsequently, the practical implications are discussed in paragraph 6.2. 
After that, the limitations are described in paragraph 6.3. In paragraph 6.4, the possible 
directions of future research are discussed. 

6.1 Conclusions 

Four research questions needed to be answered to fulfil the research goal, i.e. the evaluation 
of the applicability of short-term simulation for the support of operational decisions. The 
three sub questions are answered prior to the main research question. 

� What are the minimal requirements for the application of short-term simulation? 
Four different requirements were distinguished in this research, which have to be met at 
least in order to successfully apply short-term simulation. All requirements were confirmed 
by one or more of the four interviewed process mining experts. Three requirements were 
mentioned by at least three experts. 

The first requirement is the presence of a number of data attributes in the information 
system of the process. For each activity, at least a start and end time must be registered to 
calculate the execution times of activities. Process instances have to be uniquely identified. 
Furthermore, for each executed activity the related resource and process instance should be 
registered. The second requirement suggests that an expert on process mining and BPS has 
to be involved to develop the simulation model. Thirdly, the resources have to be modelled 
realistically, which was regarded by all process mining experts to be a challenge. The 
robustness of the short-term model to modifications in the process (e.g. changed arrival rate, 
addition of resources) was considered to be the fourth minimal requirement.  

� What are the possible success factors for short-term simulation? 
The research revealed a number of possible success factors. First of all, the application of 
short-term simulation is used for operational decisions that need to be made within a limited 
amount of time. Therefore, a straightforward extraction from the information system and a 
rapid implementation of the current state into the simulation model is considered to be a 
factor for success. Secondly, the simulation model is regarded to have more practical value 
when the right aggregation of data is used for distinguishing activities within the process. 
Thirdly, the application of short-term simulation is considered to be less challenging to 
processes with a more or less steady arrival rate of new process instances. This is because it 
is easier to fit a distribution to a stable arrival rate. The list of possible success factors is 
expected to be larger, but only for the described factors evidence was found in the case 
study. 

� How does the development of a short-term simulation model for a real-life process 
differ from the state-of-the-art approach? 

The case study research revealed that a different approach was required for the 
development of a short-term simulation model for a real-life process.  
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As described in Rozinat et al. (2009b), ProM contains a plugin that combines multiple 
perspectives into one simulation model in CPN Tools. In principle, this appeared to be an 
ideal plugin to develop a model quickly. But as it is more often the case with process mining 
project, a more thorough analysis was necessary. It is found that it is not always a practical 
solution to remove all possible outliers or noise from the event log, in order to acquire a 
“clean” event log and perform the analysis of statistics of the process within ProM. In the 
case study it was decided to analyze the execution times more critically outside ProM. 
Therefore SPSS was used to assess the outliers of the execution times. Furthermore, it was 
considered to be too simplistic to assume a certain statistical distribution without the 
assessment of the data of the execution times, because it can have a large impact on the 
accuracy of a simulation model. For the resource perspective, a more critical analysis outside 
ProM was used to determine how frequently resources were involved in the process, before 
they were implemented in the simulation model.  

In the state-of-the-art approach, artificial waiting times were used to correct the too 
optimistic results of the simulation model. These artificial waiting times were not 
implemented in the simulation model of the case study, because fixed times cause the model 
to be less robust to process modifications. Instead of artificial waiting times, the goal was to 
simulate the actual waiting times by queueing behaviour of the process instances. Therefore, 
the simulation model was extended with the modelling of the availability of resources, 
which provided a more natural representation of the real process.  

� Is short-term simulation a potential method for the support of operational 
decisions? 

The case study research showed that short-term simulation can provide detailed forecasts 
about the workload, throughput times and number of cases in the system over a period of 
time. The possibility of running what-if scenarios to compare the effects of alternative 
decisions is considered to be valuable, because it can be ensured a-priori the optimal 
decision is made. There are no alternative contemporary methods that can establish this in a 
similar way. 

However, the research indicated a number of requirements have to be met be met before 
short-term simulation can be applied successfully. Especially the modelling of the 
availability and the behaviour of resources realistically is a requirement that is regarded to 
be difficult to meet. In the case study, the issue of availability was addressed with an 
extension to the simulation model to simulate the availability more realistic. Another 
requirement, the involvement of an process mining expert, can be met without problems. 
The need for a set of essential attributes requires a comprehensive investigation of the 
information system prior to the development. Finally the robustness of the model to process 
modifications can be tested by a sensitivity analysis in the validation phase. In general, 
accurate models with no artificial waiting times are more likely to be robust to process 
modifications. 

6.2 Practical implications 

From this research, a number of recommendations can be derived that are applicable to the 
employment of short-term simulations. 
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The development of the short-term simulation model and its validation has to be executed 
by a process mining expert. The end-user of the simulation model should have basic BPS 
and process mining knowledge in order to interpret the results from the simulation model. 
Ideally, this knowledge needs to be transferred by the process mining expert. 

Business processes are dynamic and subject to change. These changes can either be caused 
by a redesign or they can be incremental. A simulation model should be updated according 
to the changes in order to maintain its accuracy. In practice, an operational manager should 
ensure the accuracy of a model by periodical validation of the results of a simulation model. 
When the forecasts are becoming less accurate due to changes to the real process, a process 
mining expert should be consulted to renovate the model. 

6.3 Limitations 

One of the limitations of this research is the use of a single case study to develop theory. In 
general this is not a preferred approach, because multiple cases could have provided a broad 
view of the application of short-term simulation to various processes and information 
systems in varying domains. However, within the time constraints of the project it was the 
best research design to do an in-depth analysis of the challenges to short-term simulation. 
The interviews with process mining experts and extensive literature review were conducted 
to reduce the effects of this limitation.  

Another limitation is the fact that the case study simulation model could not be validated 
completely, because the division of case arrivals and resources over 22 offices could not be 
distinguished in the information system. Furthermore, the current state could not be 
extracted easily. Therefore, the accuracy of the model could not be measured. 

Furthermore, the various offices within Acerta operate autonomously. This can cause 
differences in the way cases were handled per office, even though all work was registered in 
the same system. 

6.4 Future research 

This research was initiated as an attempt to evaluate the applicability in practice of a rather 
novel and scientific concept. The outcomes of the research have provided more knowledge 
about the concept and its practical value, but it also showed more research on a number of 
topics is required. These topics are described below. 

One of the open issues of the resource is the correct way of modelling the behaviour of 
resources. This is considered to have a large impact on the accuracy of a simulation model, 
because it is one of the few things that cannot be analyzed easily with process mining 
techniques.  

Due to the lack of comparison of the results with the real process, the true accuracy of the 
model remains unknown. Further research on short-term simulation is required to assess the 
actual power of the method.  

Short-term simulation has only been tested on a custom-built information system. Other 
information systems probably require a different approach to prepare an event log, so more 
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research is required to evaluate the potential benefits of short-term simulation in other 
domains and dealing with other information systems. 

In this process, frequently multiple activities were executed in a sequence for the same case. 
In other type of processes, the activities are often executed in batches. This might require a 
different simulation model, which is not covered by this research.   
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8 Appendices 

Appendix A - Abbreviations 

A list of abbreviations used throughout the report: 

BPM Business Process Management 
BPMS Business Process Management System 
BPS Business Process Simulation 
CI Confidence interval 
CSCW Computer Supported Cooperative work 
CSV-file Comma-separated values file 
IS Information System 
HR Human Resources 
MAE Mean Absolute Error (statistical measure for the error of predicted 

values) 
PM Process Mining 
ProM Process Mining Framework, developed by TU/e to unify a wide 

variety of process mining plugins. 
SCM Supply Chain Management 
TU/e Eindhoven University of Technology 
WfMS Workflow Management Systems 
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Appendix B – List of functions case study 

List of functions within mainframe system of Acerta 

CloseWagePeriod The client finishes working on the data of a wage period. The 
system sends a email to the payroll administration office with the 
question to control the data and start the calculating process. 

AAN1 Application screen to consult and manipulate the calendar of a 
employee when the calendar has maximum 2 entries per day 

AAN2 Application screen to consult and manipulate the calendar of a 
employee when the calendar has maximum 4 entries per day 

AAN3 Application screen to consult and manipulate the calendar of a 
employee. The calendar can have up to 8 entries per day. 

ADR1 Application screen to consult and manipulate the data about 
different addresses of a client. 

ATV1 Application screen to consult and manipulate data about labour 
time reduction. 

BAS3 Application screen to consult and manipulate the recurring base 
salary data of an employee. 

COMA Application screen to consult and manipulate data about the 
destinations the output of the payroll process has to be sent. 

COMO Application screen that gives an overview of the different domains 
with comments from the COMT function. 

COMT Application screen to consult and manipulate all sorts of comment 
that can help the payroll administrator to process a client file. 

JUR1 Application screen to consult and manipulate basic client data. 
JUR2 Application screen to consult and manipulate information about the 

different branches a client is active in 
JUR3 Application screen to consult and manipulate data about links to 

external organisations a employer is legally obliged to have 
tax authorities, insurances, child benefit, etc.  

JUR4 Application screen to consult and manipulate parameters necessary 
to bill the client 

JUR5 Application screen to consult and manipulate data about the service 
Acerta Sociaal Secretariaat gives to a client. 

JUR6 Application screen to consult and manipulate data about the links 
of a client with the Belgian social security system. 

LO56 Command to start the calculation of the wages (gross to net). The 
command is given in the VLE-application and it is logged at the 
moment the batch process finished processing the command. 

LO56T Same command as LO56 but with LO56T the calculations are done 
without updating the database. This command is used to do a test 
of the calculation to know the result on forehand. 

STD1 mainframe application to consult and manipulate data about the 
traffic between home and labour place of a employee 

TELL1 Command to interpret to content of the calendar and its influence 
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on the wages. The command can be given for one employee or for a 
group of employees. 

VLE4 Application screen to enter the command to start the calculation 
process (LO56). This command is picked up by the batch procedure 
that runs every evening to calculate the loans. 

VSP Command to forecast the calendar and the wages for a payment 
period.  

WAG1 Application screen to consult and manipulate data about the 
companycar of a employee. 

WN11 Application screen  to consult and manipulate basic employee data 
WN12 Application screen to consult and manipulate secondary employee 

data 
WN13 Application screen to consult and manipulate free fields with 

employee data 
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Appendix C – Event log preparation 

Script written in Python to merge actions to activities: 

previousline = 'leeg' 

timestampend = 'nok' 

 

for row in inputfile: 

    if previousline == 'leeg': 

        splitrow = row.split(';') 

        caseid = splitrow.pop(0) 

        taskid = splitrow[0][1:len(splitrow[0]) - 1] 

        if taskid == 'CloseWagePeriod': 

            userid = 'non' 

        else: 

            userid = splitrow[5][1:len(splitrow[5]) - 2] 

        date = splitrow[2]      

        time = splitrow[3][1:9] 

        parseddate = date[1:5] + "-" + date[5:7] + "-" + date[7:9] 

        timestamp = parseddate + " " + time 

        previousline = caseid + ';' + taskid + ';' + userid + ';' + timestamp 

 

    else: 

        splitrow = row.split(';') 

        caseidnext = splitrow.pop(0) 

        taskidnext = splitrow[0][1:len(splitrow[0]) - 1] 

        if taskidnext == 'CloseWagePeriod': 

            useridnext = 'non' 

        else: 

            useridnext = splitrow[5][1:len(splitrow[5]) - 2] 

        if taskidnext == taskid and caseid == caseidnext and userid == useridnext: 

            daten = splitrow[2]      

            time = splitrow[3][1:9] 

            parseddate = date[1:5] + "-" + date[5:7] + "-" + date[7:9] 

            timestampend = parseddate + " " + time 

        else: 

            if timestampend == 'nok':                 

                outputfile.write(previousline + ';' + timestamp + '\n') 

            else: 

                outputfile.write(previousline + ';' + timestampend + '\n') 

            caseid = caseidnext 

            taskid = taskidnext 

            if taskid == 'CloseWagePeriod': 

                userid = 'non' 

            else: 

                userid = splitrow[5][1:len(splitrow[5]) - 2] 

            date = splitrow[2]      

            time = splitrow[3][1:9] 

            parseddate = date[1:5] + "-" + date[5:7] + "-" + date[7:9] 

            timestamp = parseddate + " " + time 

            previousline = caseid + ';' + taskid + ';' + userid + ';' + timestamp 

            timestampend = 'nok' 
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Appendix C – continued 

 

 
Figure 22 - Fuzzy mining model of initial log with clusters 
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Appendix C – continued 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 23 - Percentage of occurences for every activity 

  

Model element  Occurrences 
(relative)  

VLE3  30,439%  

VLE4  16,795%  

JUR  12,901%  

WN  10,184%  

LO56  7,708%  

VSP  7,495%  

CloseWagePeriod  5,12%  

COM  4,407%  

AAN  1,9%  

BAS3  1,463%  

STD1  0,346%  

LO56T  0,339%  

ADR1  0,283%  

WAG1  0,241%  

WER1  0,196%  

ATV1  0,147%  

TELL  0,038%  
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Appendix D – Control-flow analysis 

 

Figure 24 – Frequency tables provided by Flexible Heuristics Miner plugin 
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Appendix E – Probabilities 

Figure 25 - Probabilities within Petri Net model 
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Appendix F – Basic statistics execution times 

 

Figure 26 - Basic statistics of activities (expressed in seconds) 

  



 

Appendix F – continued 

 

Figure 27 - Comparison of total time spent per activity
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Appendix G - Simulation model in CPN Tools 

 

  

Figure 28 - Process model in CPN Tools 
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Appendix H – Operational decisions 

 

Figure 29 – Scenario 1, the average number of cases in the non-automatic process 

 

Figure 30 - Scenario 2, average number of cases in process 

  



69 
 

Appendix H – continued 

 

 

Figure 31 - Scenario 3, average number of cases in non-automatic process 
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Appendix I - Participants of the interview sessions 

 

Peter van den Brand   Managing Director at Futura Process Intelligence 

Futura Process Intelligence offers a large range of consulting services in the field of process 
intelligence and process mining. Under the name of Pallas Athena, a process mining 
software package called ReflectOne is distributed.  

 

Ana Karla Alves de Medeiros Senior Consultant at Capgemini 

She conducted a PhD at the TU/e and has been working as a post-doc researcher in the field 
of process mining for the same university. Currently, she works at Capgemini as a senior 
consultant. With her expertise, she is promoting the concept of process mining within the 
large IT consultancy company. 

 

Mark van Roermund   Product Manager at Pallas Athena 

Pallas Athena is a large, international BPM software and solutions provider. The 
organization offers a process mining package called ReflectOne to organizations to support 
their internal audits. 

 

Eric Verbeek  Researcher at Mathematics and Computer Science of 
TU/e 

Eric Verbeek is a full-time researcher at the TU/e in the field of process mining. He is 
involved in the development of the ProM Framework and contributed to numerous 
scientific articles about process mining. 
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Appendix J - Time prediction based on generated state machine 

 

Mean Absolute Error 
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Where fi is the predicted value and yi the true value. 

The k-fold cross validation with k=10 gives the following result provided in table #. The 
results of a subset with test set k=1 and training set k-1 is listed in table #. The MAE values 
are presented in hours. 

 MAE 

Average of 10-fold 

cross-validation 

43,30801 

Table 15 - MAE of 10-fold cross validation 

 

state MAE Freq 

[[]]  37,3636 356 

[[CloseWagePeriod]]  37,3576 712 

[[VLE3]]  34,6525 3438 

[[VLE4]]  32,5731 1806 

[[LO56]]  28,7394 706 

[[VSP]]  0 712 

[[JUR]]  52,7479 564 

[[BAS3]]  26,7576 210 

[[AAN]]  30,6316 288 

[[WN1]]  43,329 958 

[[COM]]  37,7211 236 

overall(mean)  32,8976 11 

overall(aggregated 

mean)  

33,3221 9986,00 

Table 16 - Overview of error of prediction for k = 1 
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