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Executive Summary 
The goal of this research project is to help healthcare organizations achieving a standardized and 

high quality care process by using historic information gathered by registering the day-to-day 

operations with a healthcare information system. As more and more healthcare processes become 

regulated by computerized information systems and the amount of information that is stored about 

the execution of these processes is increasing, organizations search for ways to extract meaningful 

information about their business processes in order to increase their efficiency and service quality. 

Many of these organization strive to have a highly standardized business process, as this is associated 

with a more  efficient, manageable and constant care process. The classification of patients and the 

definition and subsequent systematic increase of standardization levels for these patient classes is 

therefore an agenda item of these organizations. This leads to the following problem definition: 

Evaluate the applicability and value of process and data mining techniques for classifying standard 

behavior and defining standardization metrics. Moreover, to avoid costly real-life experiments, 

evaluate the use of simulation in order to assess the impact of possible process improvements. 

This thesis studies the different process and data mining techniques that enable the distinction of 

patients groups and the generation of insights into the degree of standardization as defined for both 

the process path a patient follows as the degree of standardization in performance metrics such as 

throughput time and variability between extremes. Various process mining techniques are capable of 

uncovering the process paths of cases and collecting performance information on the basis of historic 

activity information. Moreover, both process mining and data mining techniques have been applied 

to various types of healthcare information systems before. However the combination of these 

approaches used to define and improve standardization is a relatively under-researched area. It is 

therefore interesting to see how these techniques can contribute to the general process of 

standardization.  

The method used in this research project is inspired on the CRISP-DM framework (Chapman et al., 

2000), which defines a systematic approach for the execution of data mining projects. This approach 

is adapted to incorporate process mining analyses in the iterative data selection and exploration 

process and uses data mining analyses to model and evaluate the results. The use of process mining 

to explore the data in the dataset provides insights into the process, performance and group 

characteristics of cases, which in contrast with the standard statistical exploration provides a better 

understanding of the underlying dimension of the healthcare workflow management system. The 

consecutive phases of the methodology are: 

1. Data collection 

2. Data understanding 

3. Data preparation 

4. Modeling 

5. Evaluation 

6. Deployment 
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In this research, a first area of attention is uncovering the basic structure and characteristics of the 

underlying business process. This is done by applying control-flow mining algorithms from the 

process mining domain to the historic activity execution log. For the business case, the resulting 

process model demonstrates a relatively linear process, which is inspected in detail and compacted 

to a comprehensive model containing only the high level process activities. This compacted model 

highlights the major activities in the business process and enables selective analysis of these process 

functions. Process dimensions such as the average throughput time of patients based on the original 

medical classification system are analyzed. However, due to improper implementation of the 

workflow enactment engine, it is impossible to determine the exact waiting and activity times from 

the event-log under review. 

A second area of attention is the classification of activity patterns observed amongst the patient 

cases. This is accomplished by using performance sequence diagrams from which the conclusion can 

be drawn that in fact the business case features a highly standardized process in terms of activity 

sequencing. The findings demonstrate that regardless of the type of patient that is treated, an almost 

completely standardized treatment trajectory is followed by 77% of the cases. Patients not 

conforming to this standardized process path, are mainly effected by loops in the planning process. 

With the help of control-flow mining algorithms the exact deviations from the standard are 

visualized, which can be used to effectively target process improvements.      

After visualization of these activity patterns, the contents of the event-log are examined into detail, 

determining the amount of patients divided over the different patient groups of the original medical 

classification system. This analysis points to the presence of 4 major patient groups being the 

Abdomen, Mamma, Thorax and Urology patients which together represent 83% of the total patients. 

For statistical validity, therefore these 4 main patient groups are used throughout the further 

analyses in the research. In addition to examining the consistence of the event-log, calculation are 

done with the extracted data from within a spreadsheet editor. This allows for the graphical 

representation of throughput distributions, which in term leads to the discovery of the high influence 

that the marker incision variable exerts on the throughput time of Urology patients.  

Following on the event-log exploration, the C4.5 and neural network algorithms are used in order to 

infer classifications systems based on patient and process characteristics as opposed to the original 

medical classification system. To demonstrate the practical usefulness and validity of the 

classification models, these models are subsequently used to predict the number of cases that 

complete the treatment preparation process within 28 days, at the moment of planning. Moreover, a 

comparison is made between both models, for which the conclusion can be drawn that the 

classification model generated by the C4.5 algorithm with and accuracy of 82% is superior to the 

model generated with the neural network algorithm with an accuracy of only 72%. Furthermore, only 

the C4.5 classification model provides insights into the classification criteria and therefor enables 

deriving simple business logic which is of practical value for the business case. 
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The research is evaluated by assessing whether it is possible to formulate standardization metrics on 

the basis of the executed process and data mining analyses. With regard to activity sequences it can 

be stated that the performance sequence diagram analysis allows for determination of both standard 

and exceptional activity sequences. Moreover, by inspecting the relative instance count of these 

activity patterns a standardization metric can be calculated, which demonstrates its applicability for 

defining and monitoring process standardization.  

With regard to performance standardization, it can be concluded that exact throughput time and 

standard deviation metrics can be calculated on the basis of extracted activity information. This 

information provides a performance benchmark which is useful for monitoring the performance 

standardization progress. However, the calculated performance metrics are highly dependent on the 

definition of the patient population. It is therefore important that when comparing these 

performance figures, the exact same definition of patient groups is used. Using the original medical 

classification to evaluate the model generated with the C4.5 algorithm, it can be concluded that the 

patients groups generated with C4.5 model display a smaller standard deviation in terms of 

throughput time and thereby demonstrate better predictability. For the definition of standardized 

patient groups, the classification model therefore is more expressive than the original medical 

classification system. 

Concluding this research, several simulation scenarios are proposed in order to test the impact of a 

maximum throughput time duration constraint of 3 days for the intervals defined as the CT and 

planning procedure. The simulation models demonstrate the applicability of calculated process 

interventions on the business process, by using information gathered from process and data mining 

analyses. It can be concluded from these simulation models that a linear reduction in average 

throughput time is visible when the proposed interventions are applied. However, when both the CT 

and planning procedure are restricted, a non-linear effect becomes visible for the mamma patients, 

which is greater than the combined effect for the mamma patients with an ok-date and smaller for 

the regular mamma patients. Obvious limitations of the simulation approach are found in the 

inability to determine the cause of the eminent throughput variation in the models.  

In conclusion it can be stated that the research project successfully evaluates the applicability of 

process and data mining techniques in the context of the problem definition. However, it must be 

stated that the unavailability of exact activity and waiting time metrics significantly restricted 

simulation capabilities. 
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1. Introduction 

1.1 Assignment  Background 
This master thesis is part of the graduation procedure for the study of Innovation Management at 

the Technical University of Eindhoven (TU/e).  The research was supervised by the Information 

Systems (IS) department of the faculty Industrial Engineering & Innovation Sciences (IE&IS). The 

project was conducted on site and in close cooperation with the Verbeeten institute Tilburg. In this 

thesis a methodology is defined for assessing and improving the degree of standardization amongst 

patient flows and the systematic classification of patients by applying Process and Data Mining 

techniques on healthcare Workflow Management Systems. 

1.2 The healthcare setting 
The Verbeeten institute is a healthcare organization and therefore it can be distinguished from 

production organizations in terms of structure and output. Where production-oriented institutions 

may focus on high production yields at acceptable quality levels, in this healthcare organization the 

focus is on delivering the highest quality in an acceptable quantity (Verbeeten Institute, 2009). This 

distinction determines the way healthcare organization typically value their activities and envision 

possible improvements (Lowe, 2002). Optimization efforts in healthcare processes therefore often 

focus at improving service times of patients and enhancing management capabilities in order 

improve quality and streamline the processes.  

The treatment of patients generally is a time-critical process. The sooner a patient will be treated, 

the more likely it is that the treatment will be in time to prevent further medical complications. 

Therefore it is critical for the patient’s health that the waiting times between activities in the 

treatment process are reduced to a minimum. This requires an adequately planned and streamlined 

process from the healthcare providers’ side which can be obtained through the use of a Workflow 

Management System to regulate the treatment process (van der Aalst, 2004). The application of 

Business Process Management Systems (BPMS) in order to implement explicit process driven 

treatment processes, as is the case at the Verbeeten institute, thereby enables the in-depth analysis 

of patient flows and performance characteristics (van der Aalst et al., 2006).  

1.3 Process and Data mining 
A relatively young field of study in the area of Business Process Management (BPM) is the field of 

Process Mining, which aims to extract historic activity information of BPMSs (Tiwari & Turner, 2008). 

Specific algorithms have been written in order to use this extracted information to reconstruct the 

actual process models and to analyze the performance, event occurrence and social network 

characteristics. The strength of Process Mining lies in the retrieval of business intelligence based on 

observed behavior as opposed to the analysis of planned behavior. 
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The Data Mining field of study can be seen as a closely related predecessor of the Process Mining 

research area. Data mining originated when there was a need to extract patterns of information out 

of large databases (Tiwari & Turner, 2008). These patterns can in term be used to predict or to 

anticipate on future events. Where data mining focuses on the structural ordering of raw data and its 

patterns, process mining more specifically aims at the structural ordering of activities in business 

processes and their characteristics. 

1.4 Assignment delineation 
The Verbeeten institute is a specialist hospital delivering clinical care in the field of radiotherapeutic 

oncology and nuclear healthcare. The institute is striving at a diagnostic treatment trajectory 

without waiting times and simultaneously offering a highly personalized radiation treatment process. 

In the figure below a schematic representation of a typical patient’s treatment trajectory at the 

Verbeeten Institute is depicted. The actual radiation treatment is defined by the medical constraints 

of the patient’s condition and cannot be further optimized in terms of throughput time. Therefore 

the optimization activities of the institute focus on the treatment preparation process in which 

several sequential steps are taken in preparation of the actual radiation treatment.   

 

Figure 1. High level process of a treatment trajectory at the Verbeeten institute 

To reduce overall waiting times between process activities, the Verbeeten institute is implementing 

the lean management philosophy (Arnheiter & Maleyeff, 2005) in its business processes. An 

important part of the lean management implementation is value mapping and standardization of 

processes. In order to standardize the processes, the excess of waiting times should be detected and 

removed to come to a lean process in which the time needed for the preparation process is 

optimized and can be accurately predicted. Furthermore, the institute strives to regulate the 

treatment process in such a way that at least 80% of the patients follow a standardized treatment 

trajectory in terms of time and process path.   

In the literature study (Staal, 2010) preceding this research, the difficulties associated with accurate 

patient modeling were indicated. The application of Process Mining techniques can be of great value 

when analyzing business processes, grouping patient cases or identifying standard and exceptional 

performance in treatment processes (Mans et al., 2008). Moreover, classification of patients with 

Data Mining techniques and defining the way these classifications should be used are an important 

factor in the process of finding the standards and similarities between patient groups in the system. 

These insight have led to the first research question: 

1) How can Process and Data Mining techniques be used to group patient flows on the 

basis of control-flow and performance characteristics? 
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By taking the current patient classification system based on medical treatment area as a point of 

reference, classification systems based on process paths and performance characteristics can be 

compared in terms of conformance to this model. The goal hereby is to create a classification model 

that generates patient classes with a low variability in process behavior and time in order to 

accurately predict treatment preparation times and process paths. From these different perspectives 

on classification systems, a claim can be made on the degree of standardization, which in term can 

be used to monitor the process in order to detect and react upon future exceptional behavior. 

Especially setting standards and finding the occurrence and the degree of exceptional behavior is 

interesting in this context, which is reflected in the second research question:  

2) In what ways can process mining techniques be used for standardization of processes 

and the identification of exceptional behavior in medical workflow management systems? 

With respect to the retrieved classification system, both from the process as data mining 

perspectives, it is interesting to assess the practical implications of such model and its validity. With a 

simulation study, the benefits, gains and limitations of using a classification model in combination 

with the current workflow management system can be assessed. Furthermore, it is important to 

establish a method for continuous monitoring and improvement of the performance of such a 

classification system. The detection and handling of process flow and throughput time exceptions, 

which are referred to as escalations, are important factors in the management of escalations. 

Simulation of these mechanisms should provide insights into the impact of these interventions, 

which leads to the third research question:   

3) ) What is the value of business process simulation in relation to patient classification and 

evidence-based decision making? 

The goal of this research project is to provide insights for the scientific community on the one hand 

and to provide practical value for the Verbeeten institute and practitioners in general. Therefore, 

care has been taken to provide an optimal trade-off between the expectances of these stakeholders 

in order to achieve both rigor and relevance as defined by Shrivastava (1987).  

1.5 Thesis outline 
The remainder of this thesis describes the systematic process undergone in answering the above 

described research questions. The report is structured as follows. In Chapter 2, the preliminary 

knowledge on the subject of workflow management, process and data mining, as well as the tools 

involved are elaborated to ensure a good understanding of the techniques used in this research. In 

Chapter 3, the research methodology, motivation, as well as the intended outcomes are presented, 

which includes the approach regarding the Data and Process Mining combination.  In Chapter 4, the 

Process Mining analyses are presented. The chapter focuses primarily on the in-depth exploration of 

the data set and the analysis of process and performance patterns. In Chapter 5, classification 

analyses with the C4.5 and Neural Network algorithms are used to generate a prediction model and 

to compare their effectiveness. Chapter 6, evaluates the used techniques regarding the 

determination of the standard and exceptional behavior. Furthermore a simulation experiment is 

conducted in order to assess the impact of possible interventions and the implication for both 

science and practitioners. Chapter 7 gives a reflection on the research question and indicates 

interesting future areas of research.  
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2. Preliminaries 
This chapter provides background information on the subjects of Workflow Management, Process  

and Data Mining, which is needed in order to fully understand the remainder of this thesis. Next to 

the elaboration of these concepts and techniques, a brief description will be given about the tools 

which were used for preparing and executing the analyses for these respective research fields. 

2.1 Workflow Management 
This research was conducted, taking a medical Workflow Management System (WfMS) as the source 

of information, therefore the basic concept of such a WfMS is elaborated in this section. The 

logistical management of business processes with the goal of making sure that the right activities 

are carried out by the right people at the right time is known under the domain of workflow 

management, for which the WfMS is the software implementation in some situations also referred to 

as Business Process Management System (BPMS) (van der Aalst, 1998). A workflow management 

system can be defined as follows: 

“A system that completely defines, manages, and executes workflows through the execution of 

software whose order of execution is driven by a computer representation of the workflow logic.” 

(Workflow Management Coalition, 1996) 

In this sense, workflow nets are a special kind of process model in which the multiple dimensions of a 

workflow system are defined for standardized cases. The workflow process definition specifies the 

tasks that need to be executed by specific resources and in which order this process should be 

fulfilled. Optionally, dependencies and conditions for the execution of work items can be specified.  

 

     Figure 2. The three dimensions of a workflow management system 
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In  figure 2, the dimensions of a workflow system and its related aspects are depicted in a three 

dimensional way. To begin with, the case dimension refers to the important property that all cases 

are handled in isolation. Therefore, for each individual case a new workflow instance is generated. 

Subsequently, the routing of this case is defined by the process model, which is captured in the 

process dimension of the workflow system. The process model consists of separate tasks, which 

when coupled to a specific case, generate an available work item. The resource dimension, which 

captures the available resources in a hierarchical structure, consisting of groups and roles, is then 

used to assign work items to resources. A resource represents either a machine or a person, which at 

the moment of association with a work item, is referred to as an activity. Overall, it can be stated 

that the workflow management system serves as the crucial link between these different dimensions 

in an organization (van der Aalst, 1998), which are the dimensions of interest during this research. 

2.2 Process Mining 
The process mining field is a relatively new research area which aims to extract both implicit and 

explicit information contained in historic activity execution data (Tiwari & Turner, 2008). Before 

process mining analyses can be commenced, an event-log has to be obtained. This event-log can be 

gathered from multiple sources, such as a WfMS or other information system, as many of these 

modern day information systems store information about activities in operational databases.  

Certain structural conventions from the workflow management domain can enhance the informative 

power of event-logs, such as the soundness criterion (Mending, 2009). Especially WfMS are often 

based around this principle, which states that a proper workflow management system handles cases 

in isolation, has a process model in which each state is reachable and has only one start and end 

point (Wen et al., 2009). Additionally there should be no tokens left in the process model when the 

end state is reached. The minimum requirement for process mining however, is to have a case based 

event-log with chronologically ordered activities. 

An event-log comprises of specific data types, which often need to be extracted from different parts 

of the underlying data source and combined into a single log. Ideally an event-log suitable for process 

mining contains information on which case the activity belongs to, which activity is executed, when 

the activity is executed and by whom it is executed (van der Aalst et.al, 2006). Additional data 

attributes and specific case related information can further enhance process mining and case analysis 

capabilities of an event-log. 

When a suitable event-log for process mining is obtained, this log can be analyzed from different 

perspectives. In a literature review by Staal (2010) preceding this thesis, four basic perspectives of 

process mining were uncovered, which are consistently observed throughout different sources of 

literature.  

 Process or Control-flow perspective 
The goal of mining this perspective is finding a representative process model, incorporating 

all the process paths and dependency relationships between activities. This routing of cases 

can be uncovered by making use of a variety of algorithms, such as the α-, α++-, β-, genetic 

or fuzzy algorithm which all have their own strengths and weaknesses related to their ability 

to uncover all possible case routing constructs (Wu et al., 2007). 
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 Organizational perspective 
The focus of this perspective is on the performer of the activities. By applying specific 

algorithms aimed at uncovering the organizational structure and the social networks, the 

resources performing similar activities can be grouped and classified into roles and 

organizational units by making use of distance metrics (Rozinat et al., 2008). 

 Performance perspective 
The performance perspective aims at calculating process characteristics such as processing 

times, throughput times, waiting times, case arrival distributions and probability functions 

defining the duration of activities. Several algorithms and tools can be used to calculate 

these metrics. This can be done on the basis of a control flow model in which the event-log 

is replayed in order to collect the performance data (Rozinat et al., 2007, Mans et al., 2008). 

 Case or Data perspective 
This perspective involves information that is used during activity execution. This information 

can help determining the routing of cases in the so called decision points or provide 

interesting insights when exceptional cases are inspected (Rozinat & van der Aalst, 2006). 

The data attributes of a case can therefore also serve as an input for data mining algorithms. 

2.3 The ProM framework 
The Process Mining framework is a freely distributed, extensible process mining tool which was 

created by researchers to support the creation and easy implementation of various types of process 

mining plug-ins. This valuable research tool is often used to demonstrate and empirically justify 

newly proposed process mining algorithms. At the same time it allows practitioners to execute a 

wide range of specialized process mining analyses without extensive knowledge of the underlying 

algorithms (van Dongen et al., 2005).  

As of version 5.0 the ProM framework contains well over 150 plug-ins which are divided into five 

separate categories according to their intended use. The different types of plug-ins can be used for 

retrieving process or interaction models (mining plug-ins), the analysis of attributes or temporal 

properties within the dataset or a discovered model (analysis plug-ins), the import and binding of 

process models generated by different software packages (import plug-ins), the export of process 

models or modified and filtered event-logs (export plug-ins) and the conversion of process models in 

various notations used in industry (conversion plug-ins).  

To enable process mining with the ProM framework, the event-logs of the workflow management 

system under review need to have the MXML format, which stands for Mining eXtensible Markup 

Language. In essence this format follows the standard XML conventions which is a format widely 

used for interfacing between various types of applications in industry. In this way, all case attributes 

can be included in separate XML tags. For the conversion from information system to MXML-log, 

there is a separate import framework available (ProM-Import), in which conversions from the 

industry leading WfMSs are supported (Gunter & van der Aalst, 2006). Because of the relatively easy 

structure of the XML format, these MXML even-logs can also be created programmatically and 

inspected with various standalone applications. 
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2.4 Data Mining 
The data mining research area has its origin in the field of computer science, where it is founded as 

an application of advanced mathematics and statistics incorporated into routines for machine 

learning (Kandartzic, 2003). In many fields of business, science and engineering there is a need to 

derive patterns of knowledge from large information-rich datasets. The technique of applying a 

computer-based methodology for uncovering these informational patterns is commonly referred to 

as data mining.     

Data mining in itself can be characterized as the extraction of implicit and potentially useful 

information from datasets in a programmatically automated manner (Witten & Frank, 2005). 

Machine learning as such, provides the technical basis for automating the information discovery 

process and implementing the algorithms and tools for finding and presenting the structural patterns 

in data. The knowledge discovery process of data mining techniques can be applied to virtually any 

dataset from any given information system as long as the structural conditions such as data types 

and minimum amount of available records are met.  

There are two primary foci of the data mining field, which are either aimed at description or 

prediction of patterns and knowledge obtained from large datasets. The goal of descriptive data 

mining is to describe patterns in the data and transform this information into a form that is 

interpretable by humans.  It can be seen as the summary of the patterns in a dataset in which the 

implicit knowledge is highlighted, which thus goes beyond the standard statistical analysis. Predictive 

data mining, on the other hand, aims to produce a model derived from the patterns found in a given 

dataset, which can subsequently be used to classify, predict or estimate future events. Often, data 

mining techniques make use of learning and prediction classifiers in order to obtain, verify and apply 

prediction models to multiple datasets (Witten & Frank, 2005).   

The distinction between the descriptive or predictive nature can also be made for the  supervised 

and unsupervised learning approaches of data mining projects. With supervised learning, which is 

also called directed data mining, the dataset can be split into explanatory variables and a dependent 

variable, which is the target variable. When this target variable is a nominal or labeled variable the 

technique is called classification, or otherwise when the variables are numerical, the technique is 

called regression. Mostly, supervised learning algorithms are aimed at learning and prediction. In 

contrast, unsupervised learning is related to descriptive data mining as it aims to extract as much 

knowledge as possible from the available data. With unsupervised learning all variables are treated 

equally and the aim of the analysis is to cluster data and uncover inter-variable relationships 

(Bramer, 2007). 

The most frequently used data mining techniques involve the following: 

 Supervised learning 

 Classification 

A commonly used technique for solving complex problems, ranging from weather forecasts to 

patient classifications, is the application of classification algorithms. Well established 

algorithms capable of creating so the called decision trees, are the C4.5 and J48 algorithms 

(Isken & Rajagopalan, 2004). Classification can however also be accomplished by making use 

of classification rules or nearest neighbor matching (Bramer, 2007). Classification in essence 

groups cases on the basis nominal dependent and independent variables. 
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 Numerical prediction 

Other often used supervised data mining techniques involve regression of multilayer 

relationships, which amongst others can be done with neural networks and support vector 

machines (SVM). The neural network modeling technique is based on the complex neuron 

structure of the human brain thereby inferring the strength of interrelationships between 

variables (Krieger 1996), while SVM algorithms aim to find the best classification function by 

geometrically distinguishing between members of two different classes in a hyperplane (Wu et 

al., 2007). Applications of these techniques can be found in pattern recognition and regression 

estimation.  

 Unsupervised learning 

 Association  

Association rule generation is a popular undirected data mining technique used for deriving 

frequent item sets. Association rules describe the relationship between different variables in 

the form of rules defining a consequence. General application can be found in shopping basket 

suggestions, but also in risk determination. Association rules are usually accompanied by 

measures defining their relative confidence and probability. The Apriori algorithm is a popular 

algorithm for deriving such information based on anti-monotonicity in the dataset (Wu et al., 

2007).  

 

 Clustering 

A technique used for placing similar entries of a dataset in related groups without prior 

knowledge about the definition of these clusters is known as clustering analysis. Practical 

applications of clustering can be found in many different industries ranging from finance to 

engineering. Often used algorithms for applying this technique are the K-means nearest 

neighbor and the Expectation – Maximization algorithm, which both employ mathematical 

approaches to define similarities on the basis of distance or likelihood measures respectively 

(Wu, 2007).  

2.5 The Konstantz Information Miner 
One of the many software tools available for data mining research is the Konstantz Information 

Miner (KNIME). During this research KNIME was used for applying various data mining algorithms to 

the data set. This modular data mining suite,  which is based on the Eclipse development framework, 

was designed from a similar stance as the ProM framework in terms of the easy integration of new 

algorithms in the form of nodes (Berthold et al., 2008). It therefore facilitates learning, research and 

collaboration as well as a comprehensive platform for practitioners. The tool uses so called pipelined 

workflows in order to manipulate data streams, which can be set up with the use of the graphical 

interface.   

For specific data mining analyses, the KNIME tool offers a wide variety of descriptive and predictive 

data mining nodes which incorporate the popular algorithms and nodes for dataset preparation and 

manipulation. Additionally, there is an extension available which implements the WeKa machine 

learning library into KNIME. This widely accepted, Java based open source collection of machine 

learning routines have been used in many data mining research projects in recent years (Hall et al., 

2009) and offers a further enhancement in data mining algorithms and statistical analysis nodes. 
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3. Methodology 
This research was divided into several methodological steps in order to ensure time effectiveness 

and a structured approach to the research assignment. In this chapter the general research approach 

will be elaborated and the purpose, order and questions of the different research phases will be 

explained.  

3.1 Project approach 
The project methodology was inspired on the CRISP-DM framework, which is an established data 

mining methodology (Chapman et al., 2000, Wegener et al., 2010). This methodology consists of 6  

consecutive phases defining the complete data mining project cycle. Earlier work by Zhou (2009) 

points to the possible analogous application of this framework for process mining purposes. As this 

research entails a combination of both data and process mining techniques, this approach was 

further extended to integrate both techniques into a single project. The phases of the CRISP-DM 

methodology are presented in figure 3, for which it has to be noted that the iterative data collection, 

understanding and preparation process is leveraged by the integration of process mining analyses.  

 
Figure 3. Schematic representation of the CRISP-DM approach 

 

 Step 1: Data collection  

This step entails the iterative process of identifying the important information in the business 

process and specifically shaping the dataset for process and data mining purposes. 

 

 Step 2: Data understanding 

By applying process mining techniques to uncover the business process and its characteristics 

observed in the dataset, the data exploration uncovers multiple workflow dimensions. 

 

 Step 3: Data preparation 

The insights from the data exploration were used to specifically tailor the dataset in such a 

way that only the relevant information is contained for modeling purposes. 

 

 Step 4: Data and process modeling  

This step was used to apply various modeling techniques to the compacted dataset in order 

to discover patterns in the process, data and performance perspective of the system. 
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 Step 5: Evaluation of the models 

Standardization was defined for both the original situation and the resulting models, which 

enabled direct comparison and evaluation of the results. By making use of simulation 

experiments, the impact of proposed process improvements was evaluated. 

 

 Step 6: Deployment   

After critical evaluation of the proposed models, strategies for implementation were 

formulated, along with recommendations gained from the research. 

3.2 Research motivation and objectives 
In the preceding literature study (Staal, 2010), multiple authors pointed to the usefulness of process 
and data mining techniques in analyzing business processes and solving classification problems. 
Many different techniques were described, incorporating either process or data mining algorithms 
for the modeling or clustering of business processes (process mining) or modeling and the 
classification of patient groups (data mining). However, none of the researchers, explicitly 
incorporates process mining techniques in combination with data mining approaches, which 
provides an interesting venue of research.  
 
The CRISP-DM framework (Chapman et al., 2000) is a useful tool for  structuring a data mining 
research, which includes an iterative data collection, exploration and preparation mechanism. A 
process mining research on the other hand is dependent on a similar approach to familiarize and 
shape the data set according to the needs of the research. Furthermore, process mining is 
particularly useful to visually explore the data and effectively manage the iterative exploration 
process. Therefore, the author suggests that process mining techniques should be used for data 
exploration, when a business process or the cases of a workflow system are the units of analysis. In 
this research this suggested approach is used to enhance the traditional data mining approach and 
is subsequently evaluated in Chapter 6.     
 
Earlier research by Isken & Rajagopalan (2004) and Glowacka et al. (2009) points to the importance 
and difficulties of accurate patient modeling in workflow management and simulation. Both groups 
of authors present a data mining approach in order to tackle the classification problem, using the K-
means algorithm and an Association rules approach respectively. Although this provides a way to 
specifically classify the patients on the basis of performance and patient characteristics, this neglects 
the process dimension of the workflow management system. Furthermore, both authors have 
different objectives with their classification model, which is either accurately describing the case 
perspective of a simulation model (Isken & Rajagopalan) or the prediction and anticipation of future 
patient behavior (Glowacka et al.). Considering the fact that simulation studies explicitly involve the 
inclusion of this process dimension it remains unanswered why process mining techniques and 
process characteristics are not included in these approaches. This defines the first research objective, 
in investigating the importance of process and data mining techniques, for classification of patients 
on both control-flow and performance characteristics. The accompanying research question and 
more in-depth sub-questions are formulated as follows. 
 
1) How can Process and Data Mining techniques be used to group patient flows on the basis of 

control-flow and performance characteristics? 

 Which process/data mining techniques and statistics are needed? 

 How can performance and conformance metrics be assigned to patient classes? 

 How can inter-group differences be compared and visualized? 
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By taking the business cases’ current medical classification system based on the organ system under 
treatment as a point of reference, classifications based on process and data mining analyses can be 
compared to this original system on the basis of performance and conformance metrics. 
Furthermore, by comparing and analyzing these classification systems it becomes possible to make 
judgments on the observed degree of standardization and the possible uses of these classification 
efforts to further improve this. It is therefore interesting to determine the impact of process and data 
mining techniques on the process of standardization. This is captured by the second research 
objective, which is aimed at providing insights into the definition of standards resulting from a 
process and data mining classification approach. The questions relating to this objective are defined 
below.  
 
2) In what ways can process mining techniques be used for standardization of processes and the 
identification of exceptional behavior in medical workflow management systems? 

 How can exceptional behavior be defined from both the performance and control-flow 
dimensions perspective? 

 Which types of exceptions are relevant for addressing the standardization problem? 

 How can patterns and frequencies of exceptions be compared between different groups? 

 What is the best way to address exceptional behavior in order to standardize and regulate? 

 
Next to defining standardization in a business process, there is an interesting open research question 
in relation to evidence-based decision making, for the management of escalations and continuous 
monitoring and correcting this behavior. The explicit design of procedures, regulating the exceptional 
behavior provide an input for process interventions (Strong. et. al, 1995), for which the impact can be 
calculated by using the event-log, or simulated by creating a simulation model which accurately 
reflect the improved business process (Rozinat et. al. 2009). In this research, the objective of 
simulation efforts is to validate proposed process improvements, resulting from the classification 
analyses and to demonstrate their feasibility. Therefore, the following research questions were 
defined.   
 
3) What is the value of business process simulation in relation to patient classification and 
evidence-based decision making? 

 What are practical applications of a patient classifications? 
 How can the effect be evaluated using simulation techniques? 

 Can standardization efforts be used in order to control for exceptional behavior? 

 What interventions can be used to correct delayed patient cases?   

 How can continuous process monitoring and correction be implemented? 

 
The outcome of this project should be relevant to the Verbeeten Institute and practitioners in 
general by helping in the process of achieving business process standardization in the context of a 
workflow management system. On the other hand by investigating the separate and combined use of 
process and data mining techniques for identifying patterns in performance and process flow, a 
positive contribution can be made to science in the field of process, data mining and workflow 
management.  
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4. Process Mining Analysis 
To gain a better understanding and insight into the structure and characteristics of the data, business 

process and patient flow of the business case, various process mining techniques were used in order 

to generate and inspect the underlying process models and performance metrics. These analyses can 

be seen as the iterative data collection, understanding and preparation steps of the CRISP-DM  

approach, as indicated in figure 4. To demonstrate the practical application of process mining 

techniques for generating business intelligence on the different process mining perspectives, the 

approach and the results are applied and interpreted according to the needs of the business case.    

 
Figure 4. CRISP-DM - methodological steps covered by this chapter (indicated in green) 

4.1 Data Collection and Preparation 
The first step in a data/process mining research would be the collection and formatting of the data 

needed to perform the analyses. This step entails an exploration and subsequently the refinement of 

the dataset. Because data preparation is not the primary focus of this research, only the results of 

this iterative process will be discussed here. The final product of this step however is an event-log in 

the process mining MXML format containing only the relevant attributes needed for process and 

data mining purposes.  

The data was extracted from three different data sources, being the internal workflow management, 

patient registration and the planning systems, which store their information on central MS-SQL 

database servers. To avoid interrupting the daily processes of the these software information 

systems, snapshots of tables from the underlying databases were taken. Microsoft Access was 

thereby used to reconstruct the underlying database structures and to manipulate tables in order to 

programmatically link unmatched entries. By first pre-processing the data in this way and then 

converting it with the aid of the ProM Import framework, the MXML format event-log was realized.  

The use of non-communicating information systems as sources of information created the hurdle of 

not being able to match certain case information. This problem was solved by implementing a 

custom algorithm using Microsoft Access Visual Basic Advanced (VBA) scripting. By  programmatically 

sorting, counting and labeling unlinked entries in the dataset, an artificial coupling was created. 

Subsequently SQL queries could be used to obtain the desired table structures containing 

information on process instances, activity instances and the accompanying data attributes. Please 

refer to Appendix I and II for details on the SQL queries and VBA script respectively. 
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4.2 Control Flow Analysis 
With an MXML event-log readily available, a preliminary analyses or data 

exploration can be done from within the ProM Framework. As pointed out 

before, there are multiple perspectives to process mining, from which the control 

flow perspective is the first one of interest. By mining this perspective, an initial 

image can be formed of the kind of process that is reflected by the data and the 

underlying complexity in terms of concurrency and routing constructs. By 

investigating the absolute ordering of activities in the event-log and the relative 

ordering based on time stamps, the underlying process model can be 

reconstructed.  

Mining of the control flow perspective was achieved by making use of the 

Heuristics Miner plug-in. As pointed out in literature (Weijters et al., 2006; 

Gupta, 2007) the Heuristics algorithm is a robust and configurable algorithm that 

takes heuristics as a basis. By taking into account the frequencies of the observed 

ordering relations between activities, this algorithm is capable of handling noise 

in datasets which can be caused by exceptional cases and may confound the 

retrieved process model. Moreover, this algorithm is able to capture long 

distance dependency relationships, which are not properly detected by other 

available algorithms.  

Each of the other available control flow mining algorithms of the ProM 

framework (α, α++,β, Fuzzy and Genetic algorithm) has been applied to the 

dataset, without generating satisfactory results. A clean and correct process 

model, as displayed in figure 5, was obtained with the Heuristics Miner algorithm, 

which additionally allows for definition of the trade-off between visualization of 

all observed behavior and omitting noisy behavior. Notice, that in the model to 

the right, it is intended to display all behavior characterized by the positive 

observations parameter setting of 1. This real model, thus including the 

exceptional behavior and all low level activities, demonstrates that only minor 

deviations occur when process paths are considered (i.e. clear process flow).    

Table 1. Parameter settings of the Heuristics Miner                                                  Figure 5.   Low-level       
exact process model 

  

Heuristics Miner Parameters 
Relative -to-best threshold  0.2 
Positive observations 1 
Dependency threshold 0.1 
Length-one-loops threshold 1 
Length-two-loops threshold 1 
Long distance threshold 1 
Dependency divisor 1 
AND threshold 0.1 
Use all-activities connected heuristics Yes 
Use long distance dependency heuristics Yes 
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When examining the obtained process model in detail, figure 5, it can be seen that the flow of the 

business process is relatively linear and simple. This finding was contrary to the expectations of a 

more spaghetti like model, which is often found in healthcare organizations (Mans et. al. 2008). The 

reason behind this finding, is the fact that the institute is a specialized hospital offering only a limited 

amount of treatment types. Further analysis of the process points out that indeed every type of 

patient follows an almost identical process path, regardless of the organ system under treatment. 

Especially with regard to the first research question, this observation restricts the applicability of 

clustering and classification analyses based on the control flow perspective of the process, as the 

deviations in process paths are rather minimal.   

To be able to effectively examine the actual deviations in process paths, a further detailed 

segmentation between the different parts and functions  of the workflow process is needed. The 

modular design of the workflow management system allowed for the addition of workflow type 

labels to the data attributes of each activity in the event-log. This modification was subsequently 

used to filter and isolate different major steps in the treatment trajectory. A schematic 

representation of the resulting workflow segmentation can be seen in figure 6.  

 

Figure 6. Schematic representation of  sub workflow process linkages 

As can be seen in the schematic representation of the sub-workflow structure, these individual 

process parts are linked in a waterfall-like manner. In this way each process part contains an activity 

which links to the next process part (as an activity instance). This mechanism ensures that each  

previous workflow  part is put on hold until its successive sub-workflow ends its operation and 

returns to its predecessor parent workflow part. In figure 8, the dark gray squares indicate the 

workflow part that is put on hold. When the final workflow part “Treatment Planning” is finished, a 

cascading backward linkage returns the workflow instance to the first workflow part, being 

“Consultation Procedure”, which subsequently finishes the trajectory. 



21 
 

By applying control flow algorithms to the workflow segments, a better readable process model was 

obtained for each of the sub workflows. In figure 7 a simplified version of the “Consultation 

Procedure” workflow is depicted. This simplified model contains only the start tasks of the activities 

and thereby gives a good overview of the linear consultation preparation process and the optional 

loop that occurs when an additional consultation meeting is needed. Furthermore the linkage task is 

visible, which indicates where the next workflow segment starts, while this workflow model is put on 

hold.    

The process model depicted in 

figure 7, was found using the 

Heuristics miner algorithm and is 

formatted in the Heuristic net 

notation (Weijters et al., 2006). 

This notations gives information 

about both the absolute count of 

the activities as the certainty of the 

inferred relationships. For example 

if we look at the first activity 

“TreatmentTraject” we see that 

this activity was executed 700 

times. Furthermore from the arc 

inscriptions which are displayed 

next to the arc connecting the first 

and the second activity we see that 

the relationship between these 2 

activities was also observed 700 

times, which leads to a 0,999 

relational dependency certainty. 

This means that with a very high 

certainty we can state that indeed 

this direct relationship between 

these activities is existent.     

Figure 7. Process model of the Consultation procedure workflow segment 

For the process models of the other workflow segments, readers are referred to appendix III. When 

inspecting these workflow segments, it can be seen that the process is strictly handled according to a 

predefined process model. Moreover, the results of this control-flow analysis could be confirmed by 

reasoning with the aid of test cases in the workflow management system. The functional layout of 

the model thereby appeared to be completely in line with the process designers intentions. The 

absence of large process differentiations in the process model prevent the need for further actions in 

the form of clustering or association rule analyses to separate process parts and functions, which are 

useful when an ambiguous (spaghetti-like) process model is obtained (Mans et al., 2008).  
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4.3 Performance and Activity Analysis 
With the analysis of the performance perspective of workflow management systems, into depth 

insights into the performance behavior of the system under analysis can be obtained. In order to 

inspect the underlying performance structure of the dataset, different process mining analyses were 

executed to uncover activity throughput times, core activities and performance patterns. With the 

insights gained from these analyses, a detailed understanding and overview of the data and control-

flow patterns was achieved.  

Throughput times of patients going through a business process can be assessed viewing from 

different aggregation levels. The process completion time of cases provides an overall indication of 

the throughput performance distribution. A more detailed analysis on the level of a sub workflow 

and the individual activities can be used to reveal important activities and waiting time distributions. 

The ProM framework incorporates the Performance Analysis with Petri net plug-in which can be 

used to calculate the performance characteristics of mined process models on different aggregation 

levels.  

The Performance Analysis with Petri Net plug-in, requires process models to be in the Petri Net 

format, which is a mathematical language representing place – transition process models. Petri nets 

can be used to express a process model both graphically and mathematically. The mathematical 

definition provides a sound basis for calculation and verification of system properties (Jensen, 2007). 

The event-log can be used to replay the audit trail of all instances into the process model, thereby 

collecting the essential performance information (Hornix, 2007).  

The sub workflow models in the Heuristics Net format, as obtained from the control flow analysis, 

could be converted to Petri Net format using a conversion plug-in from within the ProM framework. 

Subsequently, performance information from each activity in the process could be obtained. In order 

to get a better insight into the relative duration of the activities in the process, all process models 

were inspected, thereby noting the average, minimum and maximum throughput times of activities. 

As this preliminary analysis quickly reveals which are the most time consuming activities, the core 

activities could be separated from routing and administrative activities (Appendix IV).   

Surprisingly, further analysis of the core activities and the time interval between activities displayed 

large variations in throughput time and no waiting times at all. Activities with a normal duration of 1 

hour, could be found with maximum durations of up to 11 days. This finding was contrary to the 

expectation of a model with large waiting times and stable activity times. When examining these 

findings in more detail, it showed that the absence of waiting times and the excessive fluctuations in 

activity throughput times are caused by a structural inappropriate behavior of the workflow 

enactment engine, which is illustrated in figure 8. Instead of placing the available activities in a 

waiting state, the workflow engine starts these activities, which thus factually consist of the waiting 

time and the actual activity time. 

 
Figure 8. Automatic start of the subsequent activity by the workflow engine 
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The automatic start of the next activity by the workflow enactment engine, is a direct result of the 

strictly functional design of the information system, which disregards the informational capabilities 

and thus prevents exact determination of activity throughput times. Without knowing when exactly 

the work on an activity started, the waiting times in between activities cannot be calculated unless 

an estimated activity throughput time is used, which is rather arbitrary. Therefore, the only exact 

information that can be extracted from this dataset is the finishing time of the activities. This incident 

demonstrates that the applicability of process mining techniques greatly depends on the proper 

implementation of workflow enactment (van der Aalst, 2004). 

  
Figure 9. Representation of improved workflow enactment – Event types 

Figure 9, demonstrates an improved implementation of the workflow engine, which would enable 

exact determination of both activity and waiting times. In this sense, an activity should become 

available by showing up in the work pool of employees. The employee can then subsequently, accept 

and start the activity. Moreover, on acceptance of an activity, the activity should become invisible for 

the other employees. Van der Aalst (2004) refers to the allocation of work items, which can be done 

manually of automatically. In addition this leaves room for custom allocation mechanism making use 

of dynamic queuing techniques or special rules for resource allocation.  The addition of the extra 

event types in the form of available an accepted thus would provide extra flexibility and a much 

more detailed picture upon event-log analysis. 

With regard to the lean management philosophy it was thus not possible to inspect and address 

waiting times in this dataset. However because the finishing times of activities were indeed correctly 

registered, the determination of process milestones could still be done in order to map the 

performance and progress of individual cases. Moreover, these process milestones served as a useful 

input for the performance classification of patient groups by applying specialized process and data 

mining algorithms to this subset of activities, as is described in the remainder of this thesis. In 

specific, the results of the Performance Analysis with Petri net, summarized in Appendix IV, in 

combination with the process models, shown in appendix III, were used to pinpoint activities which 

could serve as proxy for the process milestones which are listed in table 2.  

Activity Type Milestone Count 

TreatmentTraject start Start   Trajectory 100% 

ConsultationResultActivity finished Finish  Consultation 100% 

TreatmentProposal start Start   CT-scan  100% 

FinishCTActivity finished Finish CT-scan 100% 

StartTreatmentPlanningActivity start Start           Planning 99.2% 

CreateTreatmentPlanActivity finished Created     Plan 99.2% 

ReviewTreatmentPlanByOtherBVBTechnician finished Reviewed  Plan 99.2% 

IsPlanValidAfterTechnicalTestActivity start Finish  Technical Test  99.2% 

ReviewTreatmentPlanByPhysicianActivity finished Finish  Physician Test 99.2% 

IsPlanValidIfElseActivity start Finish  Planning 99.2% 

TakeOverByBUVActivity start Finish Preparation 
 

99.2% 

TreatmentTraject Finished Finish Trajectory 
 

100% 

Table 2. Identification of process milestone proxies 
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If we look at table 2, we see that for determining the exact moment a process part begins or ends, 

different event types were used. For example, the determination of a completed technical test is 

indicated by the IsPlanValidAfterTechnicalTest activity start, while other milestones are determined 

by a finished event type of an activity. In the far right column of the table, the relative instance count 

indicates the percentage of cases that executed the activity.  

The process of determining high level representative activities or to abstract the total set of activities 

into a more comprehensive one is referred to aggregation of the event-log (Mans et. al, 2008)  or 

data preparation in the CRISP-DM approach (Wegener et.al. 2010). The goal of this step is often to 

generate a more understandable process model or data set containing only the high level activities or 

a proxy combining several lower level activities, thereby omitting the lower level insignificant 

activities. It has to be noted that the aggregation of milestone intervals is a slightly altered 

implementation of this idea. The resulting compacted process model is depicted in figure 10.   

When comparing this compacted 

process model with the originally 

mined process model depicted in 

figure 5 and the process models of 

the individual workflow segments, it 

can be stated that the main functions 

of the business process are much 

clearer displayed. Especially the 

before ambiguous planning process 

has become understandable. Various 

types of loop patterns can be 

distinguished in the model, which are 

primarily situated within the planning 

procedure.  

The arc inscriptions displaying the 

dependency relation of the heuristic 

net process model indicates that with 

very high certainty it can be stated 

that the relationships found by the 

Heuristics Miner algorithm are 

indeed existent.  

To ensure the high level overview on 

the business process, therefore in the 

remainder of this thesis this 

compacted process model based on 

these process milestones will be used 

for further analyses. 

 

Figure 10. Compacted process model on the basis of process milestones 
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4.4 Dotted Chart Analysis 
After the performed aggregation step and the retrieval of the new, compacted process model the 

number of activities in the model was significantly reduced. Such a reduction in activities is necessary 

in order to get a more structured insight in to the actual process and to assess the performance 

patterns of these main activities. A preliminary assessment of these patterns can be done with the 

Dotted Chart analysis, which reveals the temporal structure of the process instances. This type of 

analysis gives a graphical overview of the instances, activities, originators and data attributes plotted 

against time.     

The aim of the analysis is to find the existence of clear patterns in the data, which may become 

visible by looking at the dots which represent the units under analysis. Because in this performance 

analysis the individual cases are the units of interest, the settings of the plug-in were altered to 

associate the different activities (left to right), separated for each of the process instances (top to 

bottom). For the complete analysis please refer to Appendix VI, the partial result is depicted below. 

The color of the dots represent the activity types, where in this case the pink dots are linked to the 

validation of a treatment plan, the blue dots depict the finish of a treatment proposal and the black 

dots are linked to the finish treatment trajectory activity.   

   
Figure 11. Total treatment trajectory                       12. Treatment preparation isolated 

When we look at the result of this particular dotted chart analysis where the instances are ordered 

according to their relative duration, a common pattern becomes visible. In figure 11, the complete 

treatment process is depicted, while in figure 12 only the isolated preparation process is analyzed. It 

can be stated that the large majority of the pink dots/activities are within 20 days of the trajectory 

start, which indicates a rough but consistent distribution of the treatment preparation time. 

Moreover, when inspecting the total duration of the instances it can be seen that the time needed to 

complete the radiation treatment (black dots) is much more variable as indicated by the void space 

inside the blue striped lines in figure 11. Furthermore, when this empty space is removed by isolating 

only the treatment preparation process, a certain waiting time pattern becomes visible in figure 12. It 

can be seen that there is a significant gap between the consultation activity (green dots) and the 

activities of the planning process, again indicated by the void space inside the blue striped lines. 

These figures thereby give an indication of the relative timing of the different process parts. 
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The Dotted Chart Analysis does not provide exact information on the medical characteristics of 

patients and how these influence the distribution, however it does reveal the underlying overall 

performance characteristics of the cases. It therefore provides a first needful insight into the process 

performance, in which a visual assessment of the degree of standardization can be made. 

Furthermore, different settings of the Dotted Chart Analysis plug-in allow for different perspectives 

on these performance characteristics. By graphing the relative or absolute duration of activities, the 

overall temporal activity can be visualized in multiple ways, which allow the analyst to thoroughly 

explore the data in the dataset. In preparation of classification with data mining algorithms this 

analysis provides the visual representation of the target variable distribution. 

4.5 Activity sequence patterns 
The Performance Sequence Diagram Analysis plug-in provides another method to reveal patterns in 

performance and control flow. This analysis plug-in analyses the occurrence of specific sequences of 

activities in relation to its performance and displays this information graphically. This tool thus is 

especially useful in finding frequent patterns and their performance metrics. By comparing the 

duration and variation between these frequent patterns, the influence of recurring sequential 

patterns on the duration of the treatment trajectory can be assessed. An example of the resulting 

performance sequence diagram can be seen in figure 13. The arrows indicate which process path the 

patterns sequentially went through (left – right) plotted against time (top – bottom). 

 
Figure 13. Performance Sequence Diagram Analysis 

When looking at the exact results, displayed in table 3, we see that the first pattern with 979 

observations accounts for 77% of the total cases. Several smaller patterns with below 63 

observations are also retrieved, but the number of observations sharply declines. The existence of 1 

pattern explaining for 77% of total cases points to a highly standardized process considering the 

control flow sequences. Next to the frequency count of patterns, the average throughput time and 

standard deviation are important metrics to compare patterns amongst each other. 

Pattern 
Frequency 

Min. 
(days) 

Max. 
(days) 

Average  
throughput 

Standard  
Deviation 

Pattern description 

Pattern 1 979 1 129 8.7 10.8 1 plan     -  simple 

Pattern 2 63 2 42 11.2 8.2 multiple - short loop 

Pattern 3 45 1 35 10.8 6.2 multiple  - 2 loops  

Pattern 4 31 1 45 17.4 11.4 multiple  - long loop 

Pattern 5 19 1 29 4.7 7.14 multiple  - change plan 

Pattern 6 18 1 7 2.8 1.8 multiple  - sub acute   

Table 3. Sequential Performance Patterns in the data set 
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A first thing to notice from the results is the wide throughput time interval of the first pattern, which 

spans 128 days. This might be an outlier, but the standard deviation of almost 11 days indicates a 

large variation in case throughput times. Second point to notice is the almost double as high average 

throughput time of the 4th pattern, which has a similar high standard deviation and moderate 

interval. A third interesting point is the significantly low average throughput time and standard 

deviation of the 6th pattern. These result suggest that there is a standardized process for the 

majority of patients with a large variation in throughput times. Furthermore, the less frequent 

patterns appear to possess significantly different throughput time performances.  

The Performance Sequence Diagram  Analysis 

plug-in allows for intelligent filtering, to 

selectively filter individual patterns, which in term 

allows for deeper analysis of each of the patterns. 

With the use of control flow mining and data 

extraction plug-ins, the routing and data 

characteristics of the patterns can thus be 

determined. After analyzing the individual 

patterns, the causes for the performance 

fluctuations were determined and added to the 

pattern description in table 3.  In figure 14 the 

different activity sequences of the patterns are 

visible. There is a distinct difference in the 

ordering of the plan, test, valid sequence of the 

multiple plan trajectories.          Figure 14. Different control flow patterns 

Considering the large throughput time intervals observed amongst the first 4 patterns, it can be 

stated that the actual sequence of activities is not primarily responsible for fluctuations in processing 

time. Although most patients go through the simple process of having just a single treatment plan, 

their total processing time varies greatly. However, when the 4th pattern is considered it can be seen 

that the average processing time is much longer, which is a consequence of the fact that these 

patients undergo the complete planning process after the process has been completed for the first 

time.  Upon deeper inspection it can be stated that the significant differences in pattern 6 are related 

to sub-acute patient property of cases which triggers a priority mechanism in the WfMS. This finding 

hints to the relative importance of other variables contained in the patient characteristics. 

4.6 Case data extraction  
To examine the data attributes of the cases and to prepare the MXML event-log for data mining 

purposes, an export to CSV format was done with the Case Data extraction plugin. An export with 

this plug-in allows the analyst to select the most important data fields and export this information to 

CSV format in order to enable further calculations and manipulation of the obtained data. There are 

2 ways to store this information generating either a copy of the event-log with an activity on each 

row in chronological order (vertically) or in a summarized form with the unique cases on each 

subsequent row and their activities in columns (horizontally).  In ProM, the vertical orientation is 

referred as CSV for log Exporter and the horizontal orientation as Standard CSV. For manual 

computation of dataset characteristics, the horizontal orientation is preferred as it allows a quick 

overview of the contents of the dataset, by sorting on specific characteristics.  
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In table 4, a brief overview is given of the patients groups which are found in the dataset. The cases 

are grouped based on a medical classification system (top to bottom) which is defines the organ 

system under treatment and the priority of the complication (left to right). This is the original 

classification system used by the medical specialists to determine dose constraints and number of 

fraction for the actual radiotherapeutic treatment. For this research it is especially interesting to 

assess whether this classification system is also applicable for determining the performance patterns 

of patients going through the preparation trajectory. 

 Regular  Sub-acute Acute Total 

Organ 
system 

Absolute Relative Absolute 
Relative 

 
Absolute Relative Absolute Relative 

Abdomen 101 12% 37 10% 6 14% 144 11% 

Gynecology 23 3% 6 2% 1 2% 30 2% 

Hematology 31 4% 32 8% 6 14% 69 5% 

Head-neck 42 5% 4 1% 1 2% 47 4% 

Skin 7 1% 12 3% - - 19 1% 

Mamma 328 39% 47 12% 2 5% 377 30% 

Neurology 28 3% - - - - 28 2% 

Sarcomen 6 1% 2 1% - - 8 1% 

Thorax 150 18% 157 42% 15 36% 322 25% 

Unknown 
primary 

- - 9 2% -  9 1% 

Urology 131 15% 72 19% 11 26% 214 17% 

Gender M: 41% - F: 59% M: 57% - F: 43% M: 67% - F: 33% M: 46% - F: 54% 

Total 848 378 42 1268 

Table 4. Overview of the main patient groups in the dataset  

As can be seen from the table above, the dataset consists of 1268 cases, which are divided into 

regular (848), sub-acute (378) and acute (42) subgroups. This primary division should, from a design 

point of view, be directly responsible for the throughput time of the patient groups. Furthermore, 

the division on organ system under treatment breaks the 3 basic patient groups further down into 

specific isolated patient types. The blue cells indicate the relative high percentage of patients within 

a subgroup for a specific treatment area. It is thereby interesting to note that 4 patient groups 

(Abdomen, Mamma, Thorax and Urology) are representing 83% of the patients. Therefore, with 

respect to the statistical validity and sample size of the patient groups, a choice was made to focus 

the further analysis on these 4 subgroups. 

4.7 Throughput time analysis 
The earlier demonstrated process mining performance analyses gave a good indication of the global 

throughput time distribution and the performance characteristics belonging to specific control flow 

patterns. However, to exactly determine the performance characteristics of individual subgroups it is 

more evident to use a spreadsheet which allows for specific, quick and complex manipulations on the 

data. A spreadsheet was used to calculate every interval determined by the process milestones 

regarding both working days as normal days,  which could then be compared amongst other patient 

groups numerically and graphically.  
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Specialized calculations such as the number of working days cannot be done from within the ProM 

framework and the filtering and analysis of the specific patient groups would take a considerable 

larger amount of time due to the many actions involved in the process. Therefore, in depth analysis 

should be done with extracted case data from within a spreadsheet editor such as Microsoft Excel. 

In figure 15, an oversight is given of the performance intervals of the different patient groups based 

the original classification system for sub-acute patients. The graphical representation of the different 

intervals instantly demonstrates the differences between the group and the different intervals, 

thereby giving a detailed representation of the performance characteristics. Please refer to appendix 

VII for exact figures and the complete analysis. 

 
Figure 15. Performance intervals based on process milestones – working days – sub-acute patients 

Another way to examine the structure of throughput performance is to graphically represent this 

information with the use of composite tables. When this is done for the 4 main patient groups for 

both the regular as the sub-acute patients, significant inter-group differences in throughput time 

distribution can be observed, as can be seen in figure 16 and 17. This information is especially useful 

for assessing the degree of throughput time standardization based on the medical classification 

system, in order to be able to compare other data mining classification systems.   

 
Figure 16. Regular patients – Throughput distr.            17. Sub-acute patients throughput distr. 
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When significant irregularities are found within a certain graphical representation, this information 

can be presented to the medical specialists and people involved with the process in order to 

determine underlying causes. For instance when we look at figures 16 and 17, we see that the 

distribution of throughput times looks normally distributed for all sub-acute patient groups (figure 

17), however for the regular patients (figure 16) the Urology patients display a wide multi-peak 

distribution, which significantly differs from the other 3 patient groups. When confronted with these 

graphs, the involved medical specialists indicated that this was most likely caused by a certain marker 

incision which was executed for a limited part of the urology patients. Upon inclusion of this specific 

variable in the dataset, a deeper analysis of its impact could be done as displayed in table 5. The 

results show that the regular urology patients with a marker (medical incision) displayed a consistent 

significantly higher throughput time when compared to other urology patients.   

Urology 

 Min. Max. Mean Std. dev. Observations 

Regular 1 day 19 days 6.5 days 3.9 62 

Regular - 
Marker 

8 days 31 days 16.8 days 5.3 69 

Sub-acute  1 day 19 days 2.3 days 2.6 72 

Acute 1 day 8 days 1.3 days 2.6 11 

 1 days 31 day 7.6 days 7.3 214 

Table 5. Influence of external attributes – Registration – Physical test 

As demonstrated in this section, the insights gained from a detailed analysis of the throughput time 

characteristics, made from within a spreadsheet editor provides an overview of the data and can lead 

to understanding of certain performance behavior observed for specific patient groups. Especially 

with regard to predictive classification with data mining algorithms, it is important to determine, 

collect and inspect the variables which might be of influence on the performance of cases. 

4.8 Conclusions 
This chapter demonstrated the use of process mining techniques for data exploration and 

preparation as an iterative process in the CRISP-DM approach. In relation to gathering business 

intelligence on the process’ control-flow and performance characteristics, several analyses where 

used to jointly explore and analyze the data set characteristics. These techniques were used to 

uncover various types of patterns with respect to the routing and throughput times of cases. It can 

be stated that the application of the process mining techniques provided a thorough understanding 

of the nature and structure of the underlying process model, which with the help of event-log 

manipulation can be broken down in sizable and readable process parts. 

When looking into the performance perspective, the Performance Analysis with Petri net plug-in 

provides useful information on the duration of individual activities. However in this particular case, a 

structural flaw in the workflow management systems’ enactment implementation prevented the 

determination of exact activity times. Nevertheless, important milestones in the process could be 

determined accurately which were used for the computation of performance metrics. By inspecting 

the individual activities and waiting times with this analysis plug-in, an event-log aggregation could 

also be realized. The aggregation of event-logs in term significantly improves the insight of further 

analyses, where the abundance of activities would confound the results. 
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The Dotted Chart analysis, after aggregation of the event-log, provides a rough graphical insight into 

the distribution of performance and activity density. Depending on the research objectives, the views 

of this plug-in can be used to graph the degree of standardization and the variation between the 

extremes. Furthermore, with the use of the Performance Sequence Diagram analysis, the relation 

between recurring activity patterns and their accompanying process performance metrics can be 

inspected. This analysis proves especially useful for determining the influence of routing patterns as 

opposed to case specific data attributes.  

Due to the somewhat labor intensive filtering implementation of the ProM framework, the use of 

Case Data extraction can speed up the exploration process by allowing selective extraction of case 

information in spreadsheet editors. The standard CSV export, summarizes all activities and case 

attributes per case in a horizontal manner, which allows for quick and easy filtering, computation and 

graphing making use of the spreadsheet editors functionalities. The importance of this case data 

extraction step is twofold. Firstly, it enhances the log exploration process and secondly it is necessary 

in order to prepare the data mining dataset, as will be elaborated in the subsequent chapter.  

Next to the demonstrated applicability of process mining techniques for event-log exploration, the 

analyses executed in this chapter provided useful insights for the business case, by presenting the 

observed process structure and performance behavior per patient group.  A clear point of future 

improvement is the alteration of the current WfMS to include additional event types in order to 

distinguish between available and started activities. Furthermore, analogous to the Lean 

management philosophy which states that unnecessary loops in the process should be prevented in 

order to have a smooth process flow, the Performance Sequence Diagram analysis patterns provide 

insight into the exact loop patterns that occur in the process and their associated delays. 

Furthermore, with the calculated milestone throughput intervals, process improvements can be 

targeted at specific patient groups.  
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5 Data Mining 
The value adding part of a data mining project consists of the last 3 steps in which a model is build, 

evaluated and implemented. This chapter will focus primarily on the 4th step of the research 

methodology, entailing the model creation based on data mining algorithms. A short word will be 

given on algorithm specific data preparation and a comparative evaluation between the used 

algorithms will be elaborated. In this research step, the Konstantz Information Miner (KNIME) is used 

as a tool to programmatically determine classification systems based on patient case characteristics. 

Two distinct data mining techniques used for solving classification and machine learning problems 

were applied, being the decision tree learner and the probabilistic neural network learner. A 

comparison was made between the resulting models, which serves as input for the consecutive 

evaluation and implementation step. 

 
Figure 18. CRISP-DM - methodological steps covered by this chapter (indicated in green) 

5.1 Classification  and Prediction 
When trying to model or predict the characteristics of a healthcare environment, researchers often 

encounter difficulties with the classification of patients (Glowacka et al., 2009; Yeh & Lin, 2007). 

Especially in the case of simulation studies it is difficult to accurately model and predict the patient 

behavior. Isken & Rajagopalan (2004) emphasizes the importance of classifying patient types, as 

each patient class typically consumes a different level of (hospital) resources and follows different 

paths through the process. Isken also points to the fact that such a classification is often done by field 

experts, which can provide sets of patients which are believed to represent homogeneous sub-sets of 

the total population. However by applying data mining and clustering approaches, the patient 

classification will be directly based on observed behavior which should be more accurately reflecting 

reality. 

Classification models can be useful in the process of operational decision making, as they provide the 

heuristics of typical behavior. It allows for the identification of high risk groups and taking 

appropriate action in preventing escalations (van der Aalst et al., 2006). An example can be given for 

insurance companies which apply data mining algorithms to detect high risk customer groups. 

According to the results of this classification, the prices of insurance policies are often adjusted 

toward the risk factor associated with these customer groups (Chaea et al., 2001). A similar approach 

can be applied to healthcare workflow management systems, where the goal is to treat the patients 

within a certain amount of time, defined by their priority label. Classifications can be used to 

determine which patient groups are likely to exceed these predetermined periods and to take 

appropriate action in monitoring and adjusting the process accordingly.  
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5.2 Classification algorithms 
In literature many data mining algorithms have been proposed aimed at achieving different 

objectives, which range from detecting patent infringement (Choi et al., 2005), to the identification 

of possible terrorists by means of association (Phua et .al, 2005). Moreover, in a recent article by Wu 

et al. (2007) an overview is given of the top 10 algorithms used for data mining purposes. The ranking 

of these algorithms was established by assessing the large amount of available literature on data 

mining and interviewing many field experts. Only a select number of algorithms is applicable to the 

classification problem of this research setting, which are summarized below: 

 (#1) The C4.5 algorithm and its open source implementation the J48 algorithm are the most 

popular in the data mining field and generate classifiers expressed either as decision trees or 

in the more comprehensible rule set form. In this way predictions can be made on whether a 

certain class of patients will conform the target criterion (Wu et al., 2007). Recently the 

algorithm was updated and commercially released as the C5.0 algorithm. 

 (#2) The K-means method derives a classifications based on a specific predefined number of 
clusters that is needed and then uses an iterative process to calculate the centroids of 
clusters and their distance to each other. However due to its mathematical nature it is less 
capable of working with variables that are not nominal or categorical (Isken & Rajagopalan, 
2004). Moreover, this is algorithm is mainly useful for clustering on the basis of prior 
knowledge about the number of clusters, which is a mandatory input variable. 

 

 (#4) The Apriori algorithm is designed to derive frequent item sets for transactional datasets 
and finding their association rules. Application of this algorithm is often found in shopping 
basket analysis of supermarkets, web shops, but for example also finds its use for the 
association of wildfire and weather patterns. The algorithm uses candidate generation (one-
by-one) and then prunes the found sub-sets on the basis of anti-monotonicity of item sets 
(Wu et al., 2007). 
 

 (#10) The CART algorithm, which stands for Classification and Regression Trees algorithms is 
a binary recursive partitioning procedure, capable of processing continuous and nominal 
attributes both as targets and predictors. Identical to the C4.5 algorithms, trees are grown to 
a maximal size and then pruned back to the root. In contrast to C4.5, CART uses a cost-
complexity function for pruning.  

 
Due to the restriction in variable types constraining the use of the K-means algorithm and the lack of 

prior knowledge about the number of clusters, this unsupervised data mining technique is likely to 

render poor results with the predominantly nominal variables in the dataset,  as indicated by Isken & 

Rajagopalan (2004).  Furthermore, while the Apriori algorithm could infer rules based on patients 

characteristics and throughput time, this undirected data mining algorithm is not specifically aimed 

at classifying and predicting a single target variable. The CART algorithm was initially tested on the 

dataset, but provided inferior results when compared with the C4.5 algorithm. Therefore the choice 

was made to focus primarily on the application of the C4.5 algorithm with respect to the directed 

classification approach. Given its large popularity and its relatively robust performance for different 

classification problems (Wu et al., 2007), the C4.5 algorithm was selected as main classification 

algorithm in this research.  
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5.3 Classification preliminaries 
The Konstantz Information Miner (KNIME), as is elaborated in section 2.5, can be used to effectively 

implement the data mining algorithms. In this decision tree analysis the C4.5 algorithm is used to 

infer classifications based on patient characteristics which are contained in the dataset. This dataset 

is a refinement of the Case Data Extraction, which was described in section 4.6 and complemented 

with several calculated columns which represent throughput intervals found in the process. KNIME 

incorporates several options to load such a dataset into the program by making use of ODBC-data 

sources or file readers.  Microsoft Excel, WeKa ARFF, and CSV are amongst the supported formats, 

from which the CSV format was used to selectively export the enhanced parts of the original dataset. 

KNIME works with so called pipelined workflows, which in contrast to the earlier discussed workflow 

management systems handle the flow of data through a pipeline of nodes. The data mining workflow 

process that was constructed for this decision tree analysis can be seen in figure 19. The orange node 

on  the left is the file reader, which reads the CSV file and passes this data to the next node.  The 

yellow nodes serve data manipulation functions, which are used to filter specific columns and rows in 

the process of finding a suitable high accurate model. Moreover, data transformation in the form of 

numeric binning is essential in order to convert the numerical variables to categories as needed for 

use with the Decision Tree Learner. The grey cross validation node is actually a black-box which 

contains a sub workflow in which the decision tree learning and prediction process is executed. The 

brown nodes are responsible for the data-collection on the metrics applicable to their previous 

nodes, while the blue nodes are used to display this collected information.   

 

Figure 19. Decision Tree Analysis - KNIME pipelined workflow 

To provide insights into the business process viewing both from the patients’ and institutes’ 

perspective, the actual decision tree analysis was executed with different target variable 

declarations.  Because the institute counts only the working days, while patients are assumed to 

count actual days, the target variable was two-fold, being a) the throughput time in working days 

and b) the throughput time in actual days. Moreover, throughput time in itself was defined over the 

different intervals represented by the earlier defined process milestones (section 4.3).  

There are more classifications possible within a single dataset based upon what characteristic 

variable the cases are split on. However, when considering directed data mining techniques the 

explicit impact  these classifications have an on the division of the target variable amongst the classes 
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is the classification criterion. The goal of using a classification algorithm in such a way is to determine 

the best classifier variables taking into account the uncertainty of other possible classifications. A 

measure that is used to determine this impact of classifier variables on the prediction of the target 

(class) variable, by minimizing the uncertainty, is known as entropy (Bramer, 2007). This measure lies 

at the basis of classification algorithms. Each independent classifier variable can be divided into 

classes for which the entropy of this subclass can be calculated. By systematically splitting the 

dataset on classifier variables that produce a decreased total entropy value when the entropy values 

of subclasses are added up, a systematic approach to finding the best classification model is applied.      

When collecting an input dataset for classification purposes it is important to gather all variables that 

define the cases in order to inspect their individual influence on the target variable. However, 

because certain variables can have a confounding effect on the results, after a preliminary analysis 

the choice can be made to leave these obfuscating variables out of the analysis. The determination 

of non-influential variables can be done by iterative filtering out single variables and reviewing the 

results in the classification model. When the classification model demonstrates an improvement in 

predictive accuracy without that respective variable this variable is most likely unrelated to the target 

variable. In the analysis of the business case variables for instance the treating radiotherapist, the 

referring hospital and the referral by a general practitioner were perceived to influence case 

throughput time, however initial analysis demonstrated these variables not to be related with case 

throughput time and were therefore omitted from the classification model.   

Another important criterion, determining the selection of variables used for a classification model, is 

based on the availability of information on the moment of prediction. This can be illustrated  by the 

business case where the planning of patients is done on the basis of available information on the 

moment the treatment planning is done. Whether or not a patient will receive a marker incision is 

not known at that particular point in time. Although this is an influential variable in the classification 

model (section 5.4), this variable cannot be used for generating a prediction model to be used by the 

planning department, as it would incorporate unknown variables. Therefore, in this research first an 

initial explorative classification model is made with all available variables to examine influential 

variables, and subsequent a prediction model is made, incorporating only the known variables. 

To be able to assess the quality of a classification model based on a single dataset, a cross-validator 

as included in  KNIME can be used. This node implements a sub-workflow which consist of a dataset 

partitioner, the decision tree learner, the predictor and an aggregator node. The function of the 

partitioner is to split the dataset in a predefined number of partitions making use of various kinds of 

adjustable sampling techniques.  A single partition is then used to apply the classification algorithm in 

order to generate a classification tree model, 

whilst the other partitions of the dataset are 

used to verify the predictive capacity of the 

classification model by replaying the data. By 

means of the aggregator, this process is then 

repeated a predetermined amount of times 

in order to examine consistency.                            Figure 20. Contents of the cross validation black-box 

The result of a classification run can be retrieved with a scoring node, which compares the predicted 

class with the actual class and therefore is able to determine the amount of rightfully classified cases. 
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A confusion matrix can thereby be used to display this information, with the vertical-axis 

representing the actual class and the horizontal-axis indicating the predicted class. In a perfect 

classification therefore both predicted and actual cases would be situated on the diagonal line, 

meaning that the actual classes were correctly predicted by the classification model. When the 

amount of correct and incorrect classified cases is known, the accuracy metrics of the prediction 

model can be calculated. Accuracy statistics in terms can be broken down by defining True Positives, 

False Positives, True Negatives and False Negatives. Theses distinct measures provide a way of  

inspecting the classification models precision for prediction of specific classes.  

5.4 Explorative classification analyses 
The analysis of the dataset with the C4.5 decision tree algorithm was, as indicated in the previous 

section, split up in an explorative analysis and a more functional analysis aimed at model generation. 

Resulting from the process mining analysis which was done in the Chapter 4, the 4 main patient 

groups were identified which account for over 80% of the total patients. These groups were used to 

prepare 2 datasets constituting of the regular and the sub-acute patients. The acute patients were 

left out of the analysis because of their limited number and their consistently short throughput 

times. Moreover, the milestone intervals used in this analysis are defined in section 4.3, where their 

representing process activity proxies are displayed.  

With this first explorative classification analysis, the overall importance of the variables defining the 

patient characteristics is assessed in relation to the treatment preparation throughput time in 

working days. This analysis was performed on the dataset with regular patients, which displays large 

variations in total throughput time as was previously determined in the throughput time analysis in 

section 4.7. While all patient characteristic variables were contained in the analysis, being gender, 

organ system, organ sub system, indication, treating therapist, treating doctor, acuteness, primary  or 

meta, OK or marker, referral by and number of plans, the algorithm surprisingly determines only a 

fraction of these variables to be primary responsible for throughput time variations. In specific, the 

most influential variable is whether or not the patient receives a marker incision, OK-treatment or 

none of these. A second influential variable is the type of tumor that is treated, which can be either a 

primary tumor or a metastasis. In figure 21, the WeKa decision tree of the analysis is depicted, 

displaying oval decision points and squared prediction classes. 

 
Figure 21. Explorative Classification model: Consultation –> Plan Valid (working days -regular)   
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When the model obtained in this first explorative analysis is inspected in more detail, it becomes 

clear that the algorithm has made a rough classification with only 4 different predicted classes with a 

predictive accuracy of only 26% correctly classified cases. In total there were 30 possible classes 

defined, represented by the number of working days in steps of a single day. Various different 

parameter settings of the algorithm were tested, in order to improve the models accuracy, for which 

the above depicted model is the best model, without binary splits or pruning of the tree. Binary splits 

can be used to make nominal variables dichotomous which may render better results, while decision 

tree pruning can be used to simplify the results of a complicated tree structure as it not the case for 

this tree.  

The most important finding of this model is the minimal influence of the patient characterizing 

variables, such as organ system, organ sub-system, treatment indication and gender, on the 

variations in throughput time. Furthermore, the low accuracy of the model can be partly explained 

by the definition of classes consisting of just a single day. This finding indicates that given the large 

variability in throughput times, classes should be defined broader in order to contain more cases 

and improve model accuracy. This action is however paradoxical because the classification accuracy 

increases while the class specificity decreases. For a final model therefore a different class definition 

system should be used with for example a division in classes based on normal and exceptional 

throughput time, resulting in significantly smaller number of classes.  

A second explorative classification analysis will demonstrate the possibility to assess the influence of 

individual milestone intervals on the actual case throughput time (from consultation until plan 

validation), thus using process duration variables instead of patient characteristics variables. The aim 

of this analysis is to determine if specific parts of the treatment preparation process are more prone 

to causing an extended treatment trajectory duration (consultation–>plan valid) than others. A 

classification model as such can indicate if functional parts of the process are consistently responsible 

for treatment delays regardless of patient characteristics. To enable this kind of analyses, the 

duration of the milestone intervals has to be categorized manually by making use of numeric binning 

within KNIME. By analyzing the possible values in the raw data, classes can be made for each interval 

by defining a first class containing the normal duration and subsequent classes capturing exceptional 

durations in various degrees. The exact definition of classes can be found in appendix VIII, in figure 22 

and 23, the resulting decision tree and accompanying confusion matrix are depicted. 

 
Figure 22. Decision tree model            Figure 23. Confusion Matrix of 2nd  explorative model 
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If we look at the decision tree model (figure 22) we see that the algorithm has created a decision tree 

comprising of several levels. Similar to the results of the first explorative classification analysis, these 

levels point to the influence attributed to the target variable as determined by the algorithm. With 

regard to the total treatment preparation time, it can be stated that the process interval defined as 

start proposal until finish CT-scan (green bars), which is actually a proxy for the duration of the CT-

scanning procedure and waiting time before planning commences, is the most influential variable. 

When this procedure is finished within a week, the predicted overall class is 5 working days, while for 

durations of larger than 1 week, different tree branches indicate an extended throughput time for 

the predicted classes. Furthermore, on the second level of the decision tree (orange bars), the 

waiting time between the consultation and CT procedure is indicated as second influential predictor, 

as well as the duration of the planning procedure (red bars) which is visible on the third level of the 

decision tree. The process parts corresponding to the colored bars can be seen in figure 24. 

 
Figure 24. Color codes corresponding with the 2nd explorative classification model (figure 22) 

These milestone intervals can be examined individually in more detail, by using the interval as the 

target class variable instead of the total throughput time. The influence of patient characterizing 

variables on the milestone intervals throughput time classes can be assessed. For the CT-scan 

interval, a classification model generated with the same C4.5 setup identifies that only the marker 

incision variable is responsible for the fluctuations. In specific, without this marker the model 

predicts a CT-scan procedure to be finished within 1 week, while if a marker incision is performed the 

predicted duration is significantly higher at the time span between 2 and 3 weeks. These findings 

appear to be in line with the results of the throughput time analysis in section 4.7. Analysis of the 

other 2 influential intervals both render a classification model with 98% accuracy, which can be 

directly related to the fact that 98% of the cases belong to the “normal” class, defined as interval 

completion within 3 days. This means that only a very small number of cases are subject to delays 

within these intervals. 

Overall, the result of this second explorative classification analysis demonstrate how individual parts 

of the process can be related to delays in the total treatment trajectory. The primary findings of this 

analysis indicates a differing influence of these intervals on the target, throughput time, class 

variable with the CT-scan procedure being the main source of process fluctuations. Furthermore, by 

identifying the critical parts of the process where the longest delays are originated, a directed 

analysis can be done on these specific intervals. As demonstrated in the last part of this analysis, 

deeper examination of the process parts provides insight into the cause and relative occurrence of 

variations in interval throughput times.         
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5.5 Classification and prediction model  
With the insights gained from the explorative analyses, described in the previous section, an attempt 

could be made to construct a classification model to be used for the prediction of patient throughput 

times at the moment of planning in the treatment preparation process. This planning activity is 

performed directly after the consultation and therefore a limited set of predictive variables can be 

used, being the time elapsed since the moment of registration, organ system under treatment, 

indication of the medical complication,  gender and acuteness of the patient.  The time between 

patient registration and the consultation, intentionally not included  in the explorative analyses, is 

non-controllable interval, for which Information needs to be gathered from external parties which 

therefore influence the exact duration. As was discovered in the throughput time analysis (section 

4.7), large fluctuations of throughput time reside in this interval. The duration of this step, which is 

known at the moment of planning, therefore can be used and regarded as known information. In 

specific, this variable was categorized in classes spanning 1 week, to serve as input variable. 

In order to demonstrate practical applicability of this data mining method, process standards which 

are based on general healthcare oncology guidelines were used as target class variable. These 

guidelines state that oncological patients should receive their first radiation dose within a maximum 

period of time, being 1, 10 and 28 days for acute, sub-acute and regular patients respectively. This 

interval starts on the moment of patient registration and counts the actual days until the first 

radiation fraction is received. Therefore, this model differs from the earlier analysis which was based 

on working days.  

Resulting from the insights of the 1st explorative classification analysis, it was determined that the 

class intervals should be broadly defined in order to generate practically useful results, thus enabling 

prediction with significant accuracy while remaining specific regarding compliance to the fixed 

interval. Therefore, for each acuteness level, 2 classes were defined indicating the success or failure 

to meet the imposed maximum treatment preparation duration. In figure 25, the resulting decision 

tree model can be seen. The red squares indicate patient classes which are predicted to have an 

extended treatment preparation time which is beyond 28 days.   

 
Figure 25. Prediction model for planning moment: Registration –>1st radiation (actual days – regular) 
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The first thing to notice when looking at the decision tree (figure 25), is the large influence of the 

elapsed time between registration and consultation. This milestone interval is of course directly 

related to the throughput time and as the algorithm places it at the root of the decision tree it is the 

most dominant variable in the model. What is interesting to see is the fact that in total 3 classes are 

predicted to be overdue, which are all situated in isolated branches of the first decision point being 

the elapsed time in weeks. It can be seen that the algorithm is able to differentiate between different 

patient groups which have a high probability of being overdue (indicated in red).  

In specific the model shows that for patients planned within the 2nd week after registration, only the 

male urology patients are likely to be overdue. Furthermore, in the 3rd week, the main criterion is the 

type of tumor, for which the primary tumor group is likely to be overdue. The organ system under 

treatment is not considered to be relevant is this case. Patients which are planned within  the 4th 

week after registration are logically classified as overdue regardless of any patient characteristics.   

In order to make judgments about the predictive accuracy of the model, several statistic measures 

can be used, which can be collected when cross-validation with different parts of the dataset is used. 

In this case, where there are only 2 classes, the confusion matrix is straightforward and  is contained 

in the validation statistics. The exact metrics can be seen in table 6, where the amount of correct and 

incorrectly classified cases are summarized for the classes. The table shows that 13% of the patients 

which were classified as in time were actually overdue, while from the patients predicted as overdue, 

25% was in fact treated in time. This means that the model is slightly better in predicting patients 

that will be in time as opposed the determining whether or not a delay will occur.   

Classes 
Correctly 
classified 

Wrongly 
classified 

Total Recall Precision Accuracy 

In time 222 39 261 0.787 0.851 - 

Overdue 239 60 299 0.86 0.799 - 

Total  461 99 560 - - 0.823 

Table 6. Accuracy statistics of the prediction model for regular patients 

The recall and precision metrics in the table represent the fractions of the actual overdue patients 

and the predicted class respectively. Explicitly, the lower recall of the patients which were actually in 

time can be explained by a high percentage of incorrectly classified overdue patients. The precision 

indicates a higher percentage of cases which could be correctly classified for the predicted within 

time class. These metrics thus formulate a trade-off between correctly classified and correctly 

predicted cases in the model. The overall model accuracy of 82.3% points to the significant predictive 

power of the classification model. 

One question remaining in this analysis, is whether or not patterns can be found in the externally 

controlled, but highly influential registration interval responsible for the elapsed time on the moment 

of planning. In a similar manner as the in-depth inspection of the explorative classification analysis, 

this interval can be examined in isolation by assessing the influence of patient characterizing 

variables, taking the duration of the elapsed time as target variable. The resulting model can be seen 

in figure 26 on the next page, which surprisingly demonstrates a clear pattern relating to the organ 

system under treatment.  
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From the accompanying accuracy statistics it can be concluded that with 45% accuracy, thorax 

patients with a metastasis are perceived to have a consultation within 1 week, while abdomen and 

urology patients in general and thorax patients with a primary tumor in specific are regularly planned 

within the second week after registration. Only mamma patients demonstrate a significantly higher 

registration period, predicted to be 3 weeks. 

 
Figure 26.  Isolated registration interval: Registration –>Consultation (actual days – regular)  

The analyses performed in this section demonstrate the use of directed data mining classification 

techniques in order to derive a model that can be used to predict the conformance of cases to 

process standards at a specific point in the process. The selection of variables used for classification, 

therefore is dependent on which information is known on that point in the process, thus defining the 

input variables for decision making. As demonstrated, these variables can take both the form of case 

characteristics, or collected performance information of case progress so far. By defining broad, 

though expressive classes for the target variable, a meaningful and accurate model can be obtained, 

thus optimizing the trade-off between accuracy and expressiveness. With the use of accuracy 

statistics generated by cross-validation experiments, specific strengths and weaknesses of the model 

can be inspected. When peculiarities are found within a resulting model, the in-depth analysis of 

isolated intervals with a separate classification model, can provide insights into the dependency 

patterns underlying these influential variables.    

5.6 Neural Network Algorithms 
Numerical prediction in data mining research can be done by creating regression tables, thereby 

investigating the inter-dependent relationships between different predictor variables. This is possible 

with standard regression models, modeling the regression of predictor variables with the dependent 

variable as outcome. However standard regression overlooks the inter-dependence between the 

predictor variables, which may influence each other’s outcome, or be complementary in either 

predicting the same thing or enhancing the effect. The prediction of the same regression effect is 

something that can be calculated, using measures of multicollinearity, however enhancing or 

decreasing effects of individual predictor variables on each other are left out of the standard 

regression analysis. When neural network algorithms are used, the analysis goes beyond this multiple 

regression model and models complex interactions of every single variable with all other variables. 
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A neural network model, is a computational model which in essence is similar to the functioning of 

the human brain. The human brain consists of billions of neurons which are interconnected and can 

be seen as tiny micro-processors. The combined computing power of such a parallel processed 

architecture is much greater than modern digital computers have been able to replicate (Kantardzic, 

2003). Furthermore, there are several important assets pertained in this architecture, which makes 

the functioning of the human brain so flexible and unique. The human brain, and also artificial neural 

networks, are able to learn in a sense that connections between neurons that are often used will get 

stronger than the relatively less used links. This asset facilitates, an import non-linear learning 

function in our brain, through which certain neuron paths (patterns) can grow stronger or 

deteriorate over time. 

Since the late 1950s, artificial neural networks have been subject of study in an attempt to model the 

abstract computational structure of the human brain. Rosenblatt (1962) started with the modeling of 

a single perceptron, which can be seen as a 2 dimensional model of the brain. However, the human 

brain consists of many more (3 dimensional) layers of perceptrons, in which neurons are interlinked 

between the layers. Therefore, advancements in the field of artificial neural networks have led to the 

nowadays popular multi-layer perceptron algorithms, which are able to construct a given amount of 

hidden perceptron layers. A key characteristic of such a model is the addition of hidden neurons 

embodying the distinct patterns, which are situated in the different perceptrons and thus not part of 

the input or output variables. It is this feature that allows neural networks to define distinct patterns 

in the informational flow which cannot be captured by the variables alone (Craven, 1996). 

In essence there are 2 types of neural network classifiers available for data mining research, being    

a) the classical multilayer perceptron (MLP) and b) the newer probabilistic neural network (PNN). In 

a comparison by Kalatzis et al. (2003) the multilayer perceptron is indicated to be both more robust 

to errors in the data and accurate in prediction. The main difference between the two algorithm is 

the size of the artificial neuron network. While the MLP algorithm uses a hidden neuron for every 

single patterns found in the data, the PNN algorithm uses measures for dynamic decay adjustment, 

which in essence minimizes the number of hidden neurons and thereby restricting the models 

complexity. Although PNN algorithms clearly speed up calculations with large datasets, in this 

research the choice is made for the MLP algorithm in order to represent every possible pattern, as 

computational speed is not an issue.  

A downside to modeling with artificial neural networks is the fact that these models do not explicitly 

offer explanations for the classification structures generated by the model. As Berthold (1998) 

indicates, there have been approaches proposed to extract rules from artificial neural network 

models, however in practice these extractions are overly complex and time consuming to achieve. 

The PNN algorithm incorporates a function to compare visual rules with a Radial Basis Function, 

which is useful for graphical, tonal and emotional pattern recognition. However, because real life 

system behavior is not graphically defined, such mimicking of brain functionality is not applicable 

here. Therefore, the focus lies primarily on the predictive power of the neural networks to efficiently 

model patterns and accurately use these patterns to predict future case throughput times.   
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5.7 Neural Network Preparation 
To construct a neural network model, the KNIME framework can be used, which incorporates the 

MLP and PNN algorithms in workflow nodes. For this analysis the same dataset, which was previously 

used in the classification analysis, was utilized to be able to compare the two approaches afterwards. 

In order to have a training and verification set, to learn a model and subsequently test the accuracy 

of the prediction model the dataset was split into 2 partitions. A note has to be made that for 

partitioning the dataset was ordered on the basis of the case registration dates to ensure the 

unbiased contents of both datasets. In figure 27, the KNIME workflow constructed for this analysis 

can be seen. Both the training and verification dataset have a separate data pipeline, which is 

interconnected by the MLP neural network model generating node. 

 

 

 

 

 

 

 

Figure 27. KNIME workflow used for executing and verifying the neural network analysis 

When we look more closely at the KNIME workflow,  we see that a number of distinct data pre-

processing steps have to be executed before the prediction model can be set-up. At first a column 

filter is used to select the variables which are wanted in the analysis. Furthermore, in a similar 

manner as the classification analysis (section 5.5), the target variable is split up into an In Time and 

an Overdue group with the numeric binner. A note has to be made, that in the above depicted setup, 

the target variable is of type string, which means no intermediate values between 1 and 0 will be 

calculated. As will be demonstrated in the subsequent section, when numeric values are used for the 

construction of a neural network, an additional node has to be used to normalize the data (0 to 1), in 

order to be used by the MLP learner. As this dataset entails only nominal values, a one2many node is 

used to create dummy variables for every possible nominal value. The result is a set of integer 

variables representing all possible patient characteristic and 1 string or double type target variable. 

As can be seen from the workflow model, the trained model which is created with data from the 

training set, is passed on to the 2nd data pipeline and in this way serves as input for the MLP predictor 

node. By applying this method, the verification log can be replayed into the trained model while 

collecting accuracy information with the use of the scorer node. The result of this type of analysis is 

similar to the cross-validation step from the classification analysis, because the prediction model is 

applied to completely independent partitions of the dataset. In case of a target variable of type 

string, in fact a classification is made which generates a simple confusion matrix. However if a target 

variable of type double is used, the algorithm will use the actual numerical prediction to estimate the 

throughput time of cases, thereby rendering many possible values which make the confusion matrix 

obsolete in terms of accuracy determination. 
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5.8 Neural Network Prediction model 
Setting up a neural network model and the actual analysis of the model is described in this section. 

An important criterion for this model is that it is able to predict the compliance of cases to the 

process standard (section 5.5). Moreover, the aim is to compare this model with the C4.5 

classification model and assess their practical usefulness in this research setting. A first analysis 

focuses on an  explorative numerical prediction model. However, since such a numerical model does 

not provide classes of patients, these values have to be converted to be able to predict the patient 

groups that will not conform the process standards, determined at the moment of planning. 

Therefore in the final prediction model, the choice was made to use the numerical prediction model 

to create the same classes used in the classification analysis, being In Time for patients completing 

their trajectory conform the standards and Overdue for the patients which are overdue.  

The results of the explorative neural network analysis indicate that indeed the algorithm is able to 

predict an exact number of days that stands for the throughput time of cases. However, a fist thing 

to be noticed is the predictive accuracy of 0% displayed in the confusion matrix, which is somewhat 

misleading. What actually happens here, is that the algorithm predicts very precise values which can 

be seen as tiny intervals. Because of the large specificity of these intervals, the exact duration most 

likely differs from this prediction thereby causing the low accuracy metrics, while actually the 

prediction might not be far from the actual value. To be able to make a statement about the results 

of this analysis, an intermediate class of exactly 28 days was added to the analysis, with a normalized 

value of 0.5. This allowed for determining the predicted conformance to the set process standard, 

which after manual calculation proved to be correctly predicted in 78% of the cases.  

From a practical point of view, relating directly to this research setting, it can be stated that a 

classification of patient groups is more convenient to implement than a neural network model of 

undefined patterns produced by the MLP learner. However, to gain more insight into the applicability 

of neural network models for correctly predicting throughput times, a final model was constructed 

making use of a string type class variable (In time, Overdue). The use of such nominal class variables 

forces the MLP learner algorithm to express the predicted values in integers and thus indirectly in 

classes. At the same time, in the background, the algorithm still determines an exact numeric 

prediction which is then related to a nominal class.  This is illustrated by figure 28, where a scale 

measure can be seen in the 2 far right columns, which indicates the algorithms certainty of the case 

for the 2 classes (In time and Overdue).    

 
Figure 28. Prediction Matrix showing dichotomized variables (left), and probability scales (right) 
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In figure 28, the input format of dichotomized variables can be viewed, which was accomplished with 

the KNIME one2many node, and creates dummy variables which have a value of either a 0 or 1. 

Looking at these values, and applying the prior knowledge gained from the classification model from 

section 5.5, it can be seen that seemingly the algorithm makes similar decisions based on the 

predictive variables. For example, the algorithm predicts a case to be overdue, when the dummy 

variable labeled as 4weeks has a value of 1. However, because the multi-layer perceptrons are not 

visible from this matrix, it is impossible to derive the actual logic leading to the classification choices. 

The predictive power of the analysis can be assessed by making use of the earlier elaborated 

accuracy statistics, which in this case are collected for a single classification run. The exact metrics 

are displayed in table 7. 

Classes 
Correctly 
classified 

Wrongly 
classified 

Total Recall Precision Accuracy 

In time 153 64 217 0.746 0.705 - 

Overdue 147 52 199 0.687 0.739 - 

Total  300 116 416 - - 0.721 

Table 7. Accuracy metrics for Neural Network Prediction model – Regular patients 

From the accuracy statistics it can be immediately seen that the neural network model has a 

predictive accuracy of only 72%. In comparison with the classification model from section 5.5 these 

result are thus inferior. However, if we look at the values more closely we can see clear differences in 

the prediction model. First of all this neural network model is better at classifying overdue patients 

than it is in classifying patients that were in time as is reflected by the precision metrics. This result is 

directly opposing the earlier classification model, which was better at predicting in time patients. The 

lower recall (0.687) of the Overdue class, points to the larger percentage of incorrectly classified 

patients in the In time class. It must be noted that recall, precision and consequently the accuracy 

values are significantly lower than the classification model generated with the C4.5 algorithm which 

are displayed in table 6. 

When generating a neural network model, the MLP learner node can be adjusted to incorporate a 

given number of perceptron layers for which in term the number of hidden neurons per layer can 

be defined. By default, the MLP learner node uses 1 perceptron layer with 10 hidden nodes. Looking 

at the predictive accuracy of the generated model, these parameters should be adjusted until the 

optimum in number of perceptrons layers is found. For the final neural network model, the  optimum 

was found at a number of 15 perceptrons layers. Any addition or decrease in the number of layers 

would deteriorate the accuracy of the model. Furthermore adjustments to the number of hidden 

neurons in these layers did not change results significantly. 

5.9 Conclusion and comparison of the analyses 
In this chapter, two distinctly different data mining approaches were used in order to create 

prediction models to be used for the classification of cases and the numerical prediction of 

throughput times at a certain point in the process. As became clear from the analyses, both 

approaches are capable of generating models that predict the number of cases complying with 

process standards. However, there are obvious differences in the practical usefulness of the results 

and the accuracy of these models. This section will give an overview of the advantages and 

disadvantage associated with both approaches. 
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Relating to the research objective of finding patient groups possessing the same characteristics in 

terms of process performance, as reflected by the first research question, the classification approach 

utilizing the C4.5 algorithm offers the advantage of providing insight into the characteristics 

responsible for determining the classes. Especially when a preliminary explorative analysis is done 

with all available variables included, insight can be gained into the importance of individual variables. 

It can be seen from this analysis that certain variables such as the marker incision although not 

included in the final model still get reflected by their containing patient groups, which are the male 

urology patients in this case. The neural network analysis lacks the ability to derive this useful 

information. 

Initially the neural network analysis was perceived to produce better results due to its ability to take 

into relational strength between variables, which needs to be inferred from the input data. However, 

as the comparison in table 8 shows, the neural network analysis demonstrated inferior precision on 

every accuracy metric. This might be related to the relatively simple structure of the dataset with 

only limited inter-connectedness between variables. However, the neural network algorithm is far 

better in determining the approximate throughput time as can be seen by comparing the 1st 

explorative C4.5 analysis with the explorative neural network analysis. It can be seen that the C4.5 

algorithm is only able to differentiate 4 throughput durations (in days), while the neural network 

discriminates far more throughput time predictions. This finding, points to the fact that given the 

purpose of the respective approach, classification results are better with the C4.5 algorithm, while 

numerical prediction results are more precise with the neural network approach.  

Classes Correctly classified Wrongly classified Recall Precision Accuracy 

Classification results with C4.5 algorithm 0.823 

In time 85% 15% 0.787 0.851 - 

Overdue 80% 20% 0.86 0.799 - 

Classification results with MLP algorithm 0.721 

In time 70% 30% 0.746 0.705 - 

Overdue 74% 16% 0.687 0.739 - 

Table 8. Comparison of prediction models, mined with the C4.5 and MLP algorithm  

Viewing from a practical perspective it can be stated that the results of the classification analysis with 

the C4.5 algorithm generates a model in which the influence of the different predictor variables is 

easy interpretable when looking at the different levels of the decision tree. This has pointed to the 

relative large importance of the elapsed time between registration and consultation when predicting 

whether or not a case will be overdue on the moment of planning. Moreover, when looking at the 

decision tree depicted in figure 24, simple rules for the planning process can be derived, such as: 

When the elapsed time is 2 weeks and the patient has an Urological tumor, there is an increased 

change to be overdue, so special priority should be given. This provides a solid ground for evidence 

based decision making. 

The neural network model on the other hand would be useful for determining exact throughput 

times but provided no obvious business logic  or practical insights. As can be seen in both 

approaches, it is very well possible to incorporate process performance variables in terms of 

milestone intervals in order to assess their impact to the overall process. By explicitly only 

incorporating variables into the analysis that are known on the moment of prediction, a realistic and 

practical useful classification model can be made on the basis of both types of variables. 
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6 Standardization and evaluation 
In the previous chapters, various process and data mining techniques were used in order to uncover 

the multiple workflow dimensions and creating models to classify patients on the basis of process 

and the performance characteristics. In this chapter the insights from these analyses are evaluated 

and their value for defining and improving process standardization is assessed. Firstly, the process 

mining analyses (chapter 4) are used to define a process standard, which is subsequently used to 

evaluate the C4.5 classification model (chapter 5). Secondly, a simulation experiment is used to 

evaluate the applicability of both techniques in order to assess the impact of process improvements.     

 
Figure 29. CRISP-DM - methodological steps covered by this chapter (indicated in green) 

6.1 Defining standards 
The definition of standards, is closely related to the general practice known as benchmarking 

(Spendolini, 1992), which lays the focus not on the final product of a process but on the manner this 

process was performed. It can be used in order to compare improvements in process quality and 

performance relative to the benchmark, which serves as a point of reference. This benchmarking in 

turn can be done on multiple levels, ranging from application on an industry wide scale to the 

benchmarking of isolated activities within a sub-process (Raa, ten, 2009). In this research the focus 

lays on the establishment of an internal benchmark defining the standard behavior of the process as 

a result of applying process and data mining techniques. This benchmark was thereafter used to 

evaluate the model generated with the C4.5 data mining algorithm as described in chapter 5. 

Standard behavior of cases in a workflow management system, can be defined from multiple 

viewpoints, largely depending on the unit of analysis and the criterion of measurement. When for 

example a statement is made on the standardization of a treatment trajectory, this statement can be 

defined in terms of throughput time, process path followed, number of loops through the planning 

phase, the degree of variation in activity times, etc. Hence, given the fact that the definition of 

standards in this research is a direct result of the process and data mining analyses (chapter 4), the 

standardized dimensions are based on the 2 distinct facets of the business case analyses, being:  

1) Control-flow perspective 

2) Performance perspective 
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6.2 Control-flow standards 
The first dimension examined in this research was the control-flow dimension, which was uncovered 

with the use of process mining techniques incorporated in the ProM framework. Standardization 

efforts for this dimension aim at having a simple, unified process for all cases, which makes the 

business process lean and manageable. Aimed at generating insight into this routing of cases, the 

analyst has a choice between several control flow mining algorithms, such as the α, α++, β and 

Heuristics algorithm. From the results in section 4.2, it can be seen that by applying these control-

flow algorithms the complexity of a business process can be assessed.  

A note has to be made to the fact that spaghetti like models resulting from a control flow mining 

analysis should be “untangled” first by using clustering techniques (Gupta, 2007) in order to be able 

to make judgments about a given process model. By separating the main functions of processes, the 

total set of cases can be grouped into homogeneous sub-sets which in turn will improve readability 

and usefulness of the generated process models (Mans, Et.al. 2008). In this research, the fact that 

there is only a single type of treatment trajectory for all patients in the institute resulted in a clear 

and unambiguous process model, for which no further clustering was needed.  

When a reasonably linear process model has been found, a deeper analysis of process standards in 

terms of activity sequencing can be performed with the Performance Sequence Diagram analysis, as 

was demonstrated in section 4.3. This type of analysis proves especially useful for determining 

common activity sequences and their performance characteristics. For example, from the results of 

the analysis it can be seen that 85% of the cases follow a single pattern which is a set of sequences 

without loops. Clearly this defines the control flow dimension standard for this business process in 

terms of a commonly shared process flow path amongst the cases. 

In general, when determining the degree of process flow standardization it is thus first important to 

generate a functional processes model by means of clustering and control flow mining techniques, 

for which aggregation of high level activities might be a necessary intermediate step. When such an 

isolated business process is obtained, the Performance Sequence Diagram analysis can be used to 

find the standard control flow patterns and inspect the erroneous behavior found by isolating the 

deviating patterns. With respect to the value of process mining techniques to determine control-flow 

standardization, it can be stated that the combination of the above described process mining 

approach indeed enables the identification a control-flow standard. 

6.3 Performance standards 
A second important dimension of the business process constitutes of  process performance in terms 

of processing times and its associated variability. For determining the degree of performance 

standardization of a business process it is firstly important to define the scope of the analysis. 

Throughput performance can be defined on the level of the entire process, a delimited part 

(function) of the process, or most detailed on the activity level. Moreover, throughput time actually 

comprises of activity times and waiting times, which can be examined separately, when implemented 

correctly by the workflow management system. As became clear from the analysis in section 4.3, it is 

important that the system not only logs the moment that an activity is started, but also when a work-

item or resource becomes available. The distinction between work-items and activities (van der 

Aalst, et.al., 2004) is crucial in this sense, as it enables detailed performance analysis.  
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Due to the lack of case state detail in the event log, the result from the Performance Analysis with 

Petri-Net did not provide specific insights. This is the direct result of not being able to differentiate 

between waiting times and actual activity times. However, this analysis is normally capable of 

providing insights in performance standards on activity and partial process level. With a less specific 

event-log, this analysis can solely be used to identify time consuming activities, taking into account 

the sum of waiting and activity times. In such a case, determination of key activities in the form of 

process milestones can provide a less specific, but representative performance perspective. The 

metrics used in this analysis, comprise of the average throughput time, the modus, the 25% and 75% 

quartiles and the standard deviation. Assessing these individual metrics provides in depth 

information on the range of the interval around the mean and the shape of its distribution.  

With the help of the Case Data Extraction plug-in incorporated in the ProM framework, selective 

case and activity data can be extracted from the event-log for further manipulations and calculations 

in a spreadsheet editor. By splitting the total set of cases into the relevant classes, an overview of 

the performance benchmark metrics per class or interval can be generated. As is demonstrated in 

section 4.7, this kind of analysis can therefore visualize certain peculiarities in the data, which upon 

analysis can be used to further refine the classification by including extra variables such as whether 

or not the patient receives a marker incision. For this research the calculated performance standards 

of the complete process for the main patient groups are presented in the table 9, based on the given 

medical classification system. Note that apart from the earlier discussed performance metrics, other 

metrics such as the percentage of patients that are overdue can be used as benchmark metric.   

Group 
Average  

throughput time 
Standard deviation Percentage overdue Number of cases 

Urology - regular 25.08 days 8.76 days 31% 50 

Urology - marker 41.43 days 9.99 days 97% 61 

Mamma - regular 39.14 days 16.46 days 72% 86 

Mamma - ok-date 31.71 days 8.86 days 64% 166 

Thorax 25.22 days 7.63 days 37% 112 

Abdomen 26.39 days 9.79 days 27% 85 

Table 9. Benchmark metrics for the main patient groups – Regular patients – (Registration – 1st RX) 

As can be seen from table 9, performance standards based on spreadsheet calculations and the 

original medical patient classification provided figures with large standard deviations which are not 

especially useful for exact prediction. However, this information can still be used as benchmark for 

setting future performance targets. Another approach to define standardization of the performance 

dimension is illustrated in table 10. This approach takes the earlier defined milestone intervals 

(section 4.3) as a point of reference and formulates process standards on the basis of percentages 

calculated from the total population of cases. Similar to the grouping of cases in table 9 (according 

to the medical classification), this approach utilizes the earlier defined milestone intervals to define 

performance standards by manual inspection of the raw data, which is accurate but arbitrary.  

Interval Standard 1 Standard 2 

Registration       Consultation Undefined – Equal spread  

Consultation      Start CT 92.5%  within 1 working day 97.5% within  5 working days 

Start CT             Start planning    55%  within 5 working days   85%  within 10 working days 

Start planning   Plan valid    85%  within 1 working day   95%  within  2 working days 

Plan valid          First radiation    42%  within 2 working days   89%  within  5 working days 

Registration      First radiation    51%  within 28 days  

Table 10. Performance standards for milestone intervals – Regular patients  
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In general, it can thus be stated that when using process mining techniques to determine a process 

performance benchmark, choices have to be made regarding the scope of the analysis in terms of 

measurement interval and the classification of cases in representative groups. The Performance 

Analysis with Petri net plug-in is especially useful when examining distributions of activity and 

waiting times on the activity or process level, given the fact that event types are correctly logged and 

viewing the population of cases as a whole. Furthermore, because certain calculations can be done 

more easily from within a standard spreadsheet program than by extensive filtering in the ProM 

framework, the Case Data Extraction  plug-in provides a useful feature of extracting event-log data. 

The results confirm that with the use of process mining techniques process performance standards 

can be derived based on the in-depth performance information provided by the different analyses.  

6.4 Evaluation of the classification model 
Next to the process and performance dimensions uncovered with process mining techniques, a 

classification analysis was conducted with the use of data mining techniques. In this section the value 

of classification algorithms in the context of a workflow management system is evaluated. Taking 

the calculated performance metrics of the original classification system based on organ system under 

treatment as a point of reference (table 9), the classification system generated by making use of the 

C4.5 algorithm can be compared in terms of class variability and expressiveness. The decision tree 

generated with the C4.5 algorithm (section 5.5) was thereby used to calculate the performance 

metrics for the different classes of this model, for which the results are displayed in table 11.  

Registration 
period 

Sub-group 
definition 

Throughput 
time avg. 

Standard 
deviation 

Percentage 
Overdue 

Number 
of cases 

Class 

1 week - 19.88 days 6.98 days 9% 98 In Time 

2 weeks 

Abdomen 24.33 days 3.75 days 7% 46 In Time 

Mamma 27.48 days 8.18 days 23% 73 In Time 

Thorax 26.80 days 6.59 days 30% 56 In Time 

Urology > Male 33.37 days 7.73 days 69% 59 Overdue 

Urology > Female 23.50 days 4.96 days 0% 2 In Time 

3 weeks 
Metastasis 27.00 days 1.41 days 0% 2 In Time 

Primary tumor 35.45 days 8.42 days 99% 139 Overdue 

4 weeks -  47.56 days 12.18 days 99% 153 Overdue 

Table 11. Performance metrics for C4.5 classes – Regular patients – (Registration – 1st RX) 

When comparing the performance metrics of the groups defined by the original medical classification 

(table 9) and the groups defined by the C4.5 algorithm (table 11), it can be stated that the 

classification model generated by the C4.5 algorithm produced more homogeneous groups in terms 

of throughput variation. For example when looking at the standard deviation of Abdominal patients, 

table 11 demonstrates a decreased standard deviation of more than 6 days, which is thus 

significantly more accurate.  Moreover, when looking at the percentage of cases that are overdue, 

the C4.5 model provided more predictable classes as the values in table 11 are either close to 0% or 

close to 100%, with exception of the blue colored cells, while with the original medical classification 

(table 9), the percentages of overdue patients are around 30% above 0% or below 100%, which 

makes prediction less accurate. It can therefore be concluded, that the C4.5 algorithm generated a 

better classification system as compared to the original medical classification system as it defined 

more homogeneous patient groups and is better suited for prediction of patients conforming the 

process standard. 
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6.5 Simulation preliminaries 
As part of this research, it is interesting to assess the use of simulation techniques in the context of 

process and data mining analyses when improving standardization in a workflow management 

system. As shown, these techniques enable the analyst to pinpoint bottlenecks and inefficiencies in 

the process flow or performance of cases. A next logical step is to define interventions for process 

improvement thereby aiming to resolve these inefficiencies seen from a specific perspective 

(control-flow or performance). Given the fact that experimenting in a real life workflow management 

system is a costly, complex and time consuming process, business process simulation can provide a 

way to assess the impact of possible interventions on the system without baring the risks involved 

with the actual implementation (Maruster & van Beest, 2009) 

In the preceding literature study (Staal, 2010), various state-of-the-art simulation techniques were 

examined in the light of process and data mining applications. Recent research by Rozinat et al. 

(2007, 2008, 2009) has demonstrated possibilities of automated simulation model recovery, making 

use of process mining tools. This technique takes advantage of a process model obtained by control-

flow mining algorithms and an organizational model mined with the social network analysis plug-in, 

both incorporated in the ProM- framework. The main advantage of this approach, is the time 

efficiency gained in modeling the business process and the fact that the model is based on observed 

historic information, rather than the intended process design.      

Although automated simulation model recovery was the initial goal of this research, the 

requirements for such a setup were not met by the WfMS of the business case. The absence of 

correct state information for instance prevented the determination of exact activity times, needed 

to model activity durations and waiting time distributions. Furthermore, incorrect originator logging 

prevented the extraction of an organizational model to be used for modeling the resource dimension 

of the simulation model. Therefore, it has to be noted that in the light of these advanced simulation 

techniques, it is extremely important that the system under review correctly stores state, resource 

and process-flow information in order to be able to construct a simulation model automatically.  

Due to the imperfections in the event-log caused by improper workflow enactment, a choice was 

made to use a different form of simulation, in which a calculation model based on the process 

milestones was used to infer the results of process improvements. By using this form of simulation, 

the effect of controlling the variation of certain process intervals was calculated and the impact of 

the number of patients that conforms the process standard (section 5.5)  was compared with the 

initial performance benchmark (section 6.3).  The aim of the interventions was to jointly reduce the 

performance variation and throughput times which should in turn improve the overall predictability 

of the process. 

The suggested process improvement interventions are based on the results of the analyses 

described in chapter 4 and 5, which have pointed to the major influence the period between 

consultation and the finish of the CT-scan. Furthermore, it was determined by field experts that for 

the CT and Planning procedure, both a maximum duration of 3 days should be feasible for 100% of 

the patient cases. Therefore, the following simulation scenarios were formulated: 

1. Restriction of the CT-procedure to a maximum duration of 3 days 

2. Restriction of the Planning procedure to a maximum duration of 3 days 

3. Restriction of both the CT and Planning procedure to a maximum of 3 days respectively 
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6.6 Simulation results 
This section covers the comparison between the benchmarked performance metrics (table 9) and the 

simulated process interventions. A note has to be placed, that several preliminary analyses were 

performed in order to assess how the distribution of these intervention intervals is divided amongst 

the different patient groups. Moreover, an additional analysis was executed examining the weekly 

performance patterns for individual patient groups demonstrating constant interval durations over 

the course of the weeks.  Please refer to appendix X for the figures of these introductory analyses. 

The remainder of this section will handle the results, effects and limitations of the simulation study. 

6.6.1 Simulation scenario 1: Restricted duration of the CT-procedure 

With a first simulation scenario, the effect of an imposed maximum duration constraint of 3 days for 

the interval beginning directly after the patients’ first consultation until the actual finish of the CT-

scan procedure was tested. The effective interval is graphically depicted in figure 30. Given the fact 

that the activity time involved for executing the work in this interval is only a fraction of the total 

interval, being not more than 3 hours, the duration of this interval mainly consists of waiting time. 

This justifies a maximum duration constraint of 3 days to be enforced upon the patients cases. 

 
Figure 30. Simulation scenario 1: Maximum duration constrain of 3 days for the CT-procedure 

The result of the first simulation scenario are tabulated in table 12. It was expected, that the number 

of patients completing the treatment preparation trajectory within a maximum of 28 days would 

increase, accompanied by a decrease in the average throughput time and its variation. It is however 

interesting to notice that this reduction in number of patients not conforming the 28 days criterion 

differs amongst the individual patient groups. In specific it can be said that when looking at the 

difference between the old and new overdue percentages the urology patients with a marker incision 

and the abdomen patients demonstrate less improvement (blue cells) than the other patient groups.  

Group  Avg. throughput Std. deviation New % Overdue Old % Diff. % Number of cases 

Urology - regular 22.48 days 8.40 16% 31% -15% 50 

Urology - marker 38.51 days 9.92 88% 97% -9% 61 

Mamma - regular 36.31 days 16.37 61% 72% -11% 86 

Mamma - ok-date 28.88 days 8.85 49% 64% -15% 166 

Thorax 22.43 days 7.50 20% 37% -17% 112 

Abdomen 23.94 days 9.77 19% 27% -8% 85 

Table 12. Simulation result with restricted CT waiting time – Regular patients – (Registration – 1st RX) 

For the urology patients with a marker incision the average throughput time is still far above 28 days, 

which is likely the cause of the only moderate improvement in patients completing their preparation 

within 28 days, while for the abdominal patients this difference might indicate a lower sensitivity for 

changes in this interval. Overall there is a consistent reduction in average throughput time noticeable 

of about 3 days, when compared with the original benchmark in table 9. 
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6.6.2 Simulation scenario 2: Restricted duration of the Planning procedure 

A second simulation scenario entailed a similar setup, for which the interval beginning directly after 

the CT-procedure and ending with the 1st radiation appointment of the patients was constrained to a 

maximum duration of 3 days.  The graphical representation of this interval can be seen in figure 31. 

Again for this interval, based on the knowledge of field experts, the assumption was made that a 

maximum duration of 3 days should be feasible for 100% of the patients. As this interval consists 

primarily of waiting time, the method of calculation for the simulation model, was to cut-off 

excessive waiting times found in the event log and thereafter calculating the new performance 

metrics.  

 
Figure 31. Simulation scenario 2: Maximum duration of 3 days for the Planning procedure 

The results of this second simulation experiment, displayed in table 13, demonstrate very similar 

improvements as compared to the results of the first simulation experiment (table 12). For instance, 

when looking at the decrease in percentage of patients that are overdue, it can be noted that almost 

exactly the same figures are presented, with deviation of only 1% as compared to table 12. Also 

when looking at the average throughput times values for this simulated model, it can be noted that a 

constant reduction of around 3 days is observable for all patient groups. In-depth examination of 

both table 12 and 13 thus leads to the conclusion that both interventions produce strikingly similar 

improvements when compared to the original performance benchmark, displayed in table 9.   

Group  Avg. throughput Std. deviation New % Overdue Old % Diff. % Number of cases 

Urology - regular  22.46 days 8.60 16% 31% -15% 50 

Urology - marker  38.43 days 9.97 88% 97% -9% 61 

Mamma - regular  36.40 days 16.42 59% 72% -13% 86 

Mamma - ok-date  28.96 days 8.80 49% 64% -15% 166 

Thorax  22.61 days 7.70 21% 37% -16% 112 

Abdomen  23.48 days 9.76 18% 27% -9% 85 

Table 13. Simulation result restricted planning procedure – Regular patients – (Registration – 1st RX) 

The large similarity between the results produced by the first and the second simulation scenario 

point to the fact that apparently the actual effect of a restriction in one of the 2 intervals is smaller 

than its effect on the total treatment preparation time. When looking purely at the reduced total 

throughput time it is impossible to distinguish where the remaining throughput time slack is situated 

for the treatment preparation process. This is a weakness of this approach to simulation, which is 

less accurate in strictly determining the underlying cause of the persistent throughput time delays.  
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6.6.3 Simulation scenario 3: Restricted duration of the Planning procedure 

To get a better insight into the linearity of the effects which were found with the first and second 

simulation experiment, a third simulation scenario assesses the combined effect of a duration 

constraint of maximum 3 days, for both the interval of the CT and the Planning procedure. A 

graphical representation of the simulation setup can be seen in figure 32.  

 
Figure 32. Simulation scenario 3: Maximum duration of 3 days for CT and Planning procedure 

From the results displayed in table 14, it can be seen that when both interventions are combined 

several unexpected effects take place (blue cells). Firstly, there is an enhanced decrease in patients 

being overdue noticeable for the mamma patients with and ok date, which with separate 

interventions would render a total improvement of 30% (15% + 15%), while the results demonstrate 

a larger improvement of 34%. Exactly the opposite effect is observable with the regular mamma 

patients as the total effect would be expected to be 24% (13% + 11%) while the combined 

intervention give only a 22% improvement. Although these finding are not particularly concrete, they 

indicate a downward biased distribution of the mamma patients with an ok date and an upward 

biased distribution for the regular mamma patients in terms of average throughput durations. An 

interesting to note is that the standard deviation of the patient groups demonstrated only minor 

improvements as compared to the earlier simulation experiments, which hints to the fact that still a 

large portion of this de   

Group  Avg. throughput Std. deviation New % Overdue Old % Diff. % Number of cases 

Urology - regular  19.86 8.25 14% 31% -17% 50 

Urology - marker  35.59 9.89 80% 97% -17% 61 

Mamma - regular  33.57 16.33 50% 72% -22% 86 

Mamma - ok-date  26.12 8.80 30% 64% -34% 166 

Thorax  19.81 7.56 12% 37% -25% 112 

Abdomen  21.04 9.73 13% 27% -14% 85 

Table 14. Simulation results with planning and CT restricted– Regular patients – (Registration – 1st RX) 

Looking at the results of all 3 simulation scenarios it can be stated that in terms of shortening the 

average throughput time, there is a linear effect observable when either the CT procedure, the 

planning procedure, or both procedures are restricted to a maximum duration of 3 days. In specific, 

urology and abdominal patients benefit the least from such an intervention with only around 9% less 

cases being overdue, while other patient groups demonstrate an improvement of about 15%. 

Moreover, when both interventions are combined there is a non-linear effect observed for the 

mamma patients which detrimental for the regular mamma patients and beneficial for the mamma 

patients with an ok-date. The results of the simulation analysis thus provide practical insights into the 

effect of these process interventions on the business cases’ process. 
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6.7 Evaluation of the research approach 
In this research, a choice was made to replace  the iterative dataset exploration phase in the CRISP-

DM methodology with in-depth process mining analyses, which however served a similar purpose. 

This approach proved to be very useful in generating in-depth understanding of the business process 

and data set. In the authors opinion, in future research this approach should therefore be preferred 

over to the standard statistical exploration. Especially the combination of both data en process 

mining analyses facilitates understanding regarding all perspectives of the dataset and the system 

under review. It must be noted however that these perspectives are restricted to the analysis of 

workflow management systems and that case based structure of the dataset is an essential 

prerequisite for process mining. Moreover, only a selection of the available process and data mining 

algorithms was applied which were specifically applicable the standardization problem and 

healthcare setting.  

Regarding the execution order of the analyses, it can be argued that the case data extraction is also 

valuable as a first step in the process to provide essential statistical information at the start. 

However, without aggregating the high level activities in the event log, the overview of such an 

extraction would be significantly less targeted and meaningful due to the abundance of information. 

Moreover, most of the performance calculation which were performed with the case data extraction, 

where substituting the performance analysis with petri-net, which was not feasible due to the 

incorrectly implemented event-types. Especially for performing the classification analyses, the 

knowledge gained with process mining analyses provided useful background information needed to 

fine tune the algorithms and select the important variables.       

6.9 Conclusions 
Regarding the definition of standardization, the research approach provided a sound basis for 

collecting and assessing the performance, process flow and classification characteristics of the 

business process under review. Furthermore, this information could be effectively used to determine 

a system benchmark and make statements about the degree of standardization on these different 

perspectives. While it remains difficult and somewhat arbitrary to quantify performance 

standardization on the basis of different patient groupings, when consistently used this approach still 

provides a measurable and comparable basis for further improvements.  

The results of the classification efforts proved to be more expressive in describing classes of patients 

than the original medical classification system in terms of throughput time variation. Especially when 

such a classification system is used to predict the conformance of cases to a predefined process 

standard at a specific point in the process, the research approach demonstrates to provide more 

precise information as opposed to the original classification. 

The simulation experiments executed to test the effect of possible process interventions, provided 

only limited insights. This is partly caused by the lack of precise information on activity and waiting 

times and partly caused by the type of simulation approach that was used. In an ideal situation a 

model of both the process and resource dimension should be obtained by process mining analyses 

and the classification analysis would generate the case dimension of the simulation model. It has to 

be noted that for automated simulation model discovery the control-flow, resource dimension and 

the case dimension should all be properly logged in order to be able to retrieve this information, 

which makes this approach very selectively applicable.   
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7 Conclusions 
In this research project, the value of using process and data mining techniques for determining and 

improving measures of standardization in healthcare workflow management systems was 

investigated. The research was conducted in close cooperation with the Verbeeten Institute Tilburg, 

from which the workflow management system served as main source of information. Making use of 

the CRISP-DM methodology, this project systematically evolved from data collection,  understanding, 

and preparation which was primarily done with the use of process mining techniques, to model 

generation, and evaluation which was rather based on data mining techniques. This research 

therefore leveraged the capabilities of the CRISP-DM framework, by generating understanding with 

process mining analyses and using this understanding to fully exploit classification model generation 

with data mining analyses.   

7.1 Reflection on the research questions 
There were 3 main research questions underlying this research project, for which the first research 

question was defined as follows: 

How can Process and Data Mining techniques be used to group patient flows on the basis of control-

flow and performance characteristics? 

In order to answer this question, firstly a separation was made between the different dimensions of a 

workflow management system (van der Aalst, 1998), being the case, the process and the resource 

dimension. With the use of control-flow mining algorithms subsequently the process dimension was 

investigated and aggregated to form a concise, compact and comprehensive representation of the 

high level process of the business case.  Following on this aggregation, the Performance Sequence 

Diagram analysis plug-in, as incorporated in the ProM framework, could be used to group patient 

cases on the basis of their control-flow activity sequencing. Due to an observed high level of control-

flow standardization demonstrated by 77% of cases following a single activity sequence, the use of 

other process mining techniques, such as clustering was not applicable to this research setting, but 

nevertheless could provide means to group patients on the basis of process characteristics in other 

research settings. 

In order to assess the usefulness of process and data mining techniques to group patient cases on the 

basis of their performance characteristics, the case dimension of the workflow management system 

was investigated by extracting case activity information with the Case Data Extraction plug-in. In 

preparation of further analyses, the target throughput time variables needed to be calculated with 

the use of a spreadsheet editor. The subsequent application of C4.5 and neural network data mining 

algorithms demonstrated the applicability of both these techniques for grouping patient cases on 

these performance metrics. However, only the C4.5 analysis provided insight into the actual grouping 

defined by the algorithm. 
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In answer of this first research question it can be concluded that indeed it is very well possible to use 

process and data mining techniques in order to group patient cases of a healthcare workflow system 

on the basis of their control-flow and performance characteristics. For grouping on the basis of 

control-flow characteristics, the use of process mining techniques alone is sufficient, while for 

deriving groups based on performance patterns a combination of process and data mining 

techniques need to be used.  

The second research question was defined as: 

In what ways can process mining techniques be used for standardization of processes and the 

identification of exceptional behavior in medical workflow management systems? 

To answer this research question, again a distinction was made between the process and the 

performance perspective of the workflow management system. As the partly overlapping analyses of 

the first research question had indicated, the Performance Sequence Diagram analysis plug-in 

provides a way to differentiate both standard and exceptional behavior when looking at the process 

dimension. The activity patterns found with this analysis make it possible to calculate the exact 

percentage of cases following the standardized process path. Moreover, by utilizing a combination of 

event-log filtering on the basis of the retrieved patterns and subsequent application of control-flow 

mining algorithms to the set of filtered instances, the exact deviation from the standard can be 

determined and addressed by generating the distinct process models for each of the patterns. 

On the other hand, defining the degree of standardization or the standard duration of activities and 

process parts on the basis of performance metrics, was somewhat more difficult to accomplish. 

Firstly, due to improper workflow enactment by the workflow management system, it was not 

possible to distinguish between activity and waiting times with the Performance Analysis with Petri 

net plug-in as incorporated in the ProM framework. Although this analysis tool is ideal for 

determining standard performance metrics by providing measures for the mean, standard deviation 

and adjustable percentiles of the throughput distribution for both activities and waiting times, this 

requires a correct implementation of workflow enactment, or greater differentiation in event-types 

then the ones used by the business cases’ workflow management system. To work around this 

shortcoming, this analysis was used to determine process milestones, in order to map case progress 

along the treatment preparation process.  

Secondly with the help of the Casa Data Extraction plug-in, the milestone activities could be 

extracted and their respective performance intervals could be calculated. It has to be noted that for 

this seemingly straightforward activity many arbitrary choices had to be made. In this research, the 

choice was made to calculate the standard duration of these intervals using both working days as 

calendar days. Furthermore, these intervals were calculated for the whole population, the population 

based on the original medical classification and the classification derived with the C4.5 algorithm. 

Each population of cases in turn generated very different performance standards, which leads to the 

conclusion that its very well possible to obtain these metrics, however to be able to use these figures 

in the light of future process improvements, a consistent definition of the division of the 

measurement population has to be in place.   
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The third and final research question was formulated as follows: 

What is the value of business process simulation in relation to patient classification and evidence-

based decision making? 

After the definition of standard performance metrics of the business process under review and the 

identification of large fluctuations in the throughput time distributions caused by excessive waiting 

times, process improvements interventions could be formulated in order to decrease the number of 

patients exceeding the maximum treatment preparation time of 28 days. With the help of field 

experts it could be determined that a maximum duration of 3 days for the intervals defined as the 

CT-procedure and the planning procedure should be feasible for 100% of the patients. Subsequently 

simulation models were created calculating the impact of these interventions both isolated and 

combined. The results of these simulation studies demonstrated a linear relation between the 

average throughput time of cases and the tested interventions, which decreased with about 3 days 

per intervention. However a more complex relationship was observed for the number of cases that 

are not prepared within 28 days, as the combined effect of these interventions enhanced the effect 

for mamma patients with an ok-date and deteriorated the effect for regular mamma patients.  

The findings of this simulation approach on the one hand provided useful information in the light of 

evidence based decision making regarding the impact on the target throughput time variable of the 

proposed interventions, but on the other hand provided only limited insights into the cause of the 

non-linear relation defining the percentage of patients that are overdue. This finding points to the 

obvious limitations of this simulation approach as it is not able to indicate where possible slack or 

bottlenecks that remain in the business process are situated. It has to be noted that, the original 

intention of the simulation results was to automatically generate this model based on the outcomes 

of both process and data mining analyses, as described by Rozinat et al. (2009), thus incorporating 

the case, process and resource dimension of the workflow management system. However, this 

advanced simulation approach requires these 3 dimensions to be properly retrievable from the 

event-log, which was not the case for this research.     

7.2 Future work 
An interesting research question lies in the incorporation of the analyses and algorithms used in this 

research into modern workflow management system. The goal thereby should be to implement 

these analyses in the form of a management tool, which periodically provides the performance 

benchmark figures derived in this research. As most of the analyses which were used are based on 

algorithmic procedures, this could in turn be automated. Furthermore, it would be interesting to see 

how these analyses could be leveraged by incorporating them into day-to-day decision making, for 

example by monitoring the process on the basis of established performance standards. 

Other interesting open venues of research remain with respect to the advanced simulation 

techniques as proposed by Rozinat et al. (2009). It would thereby especially be interesting to assess 

the absolute minimum requirements of such automated simulation model recovery and how these 

requirements can be enforced upon workflow management systems used in industry. As many of the 

limitations of this research are in fact caused by the pure functionally aimed design of the workflow 

management system thereby neglecting the informational capabilities of such a system, it would be 

interesting to assess design trends regarding the provision of these information gathering facilities of 

modern day information systems.   
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Appendix I: Event-log preparation 

Query 1 – Process Instances 

 

SQL 

SELECT trim_behandeltraject.nr AS behandeltraject, trim_acuutheid.naam AS acuutheid, trim_orgaansysteem.naam AS 

orgaansysteem, trim_orgaansubsysteem.naam AS orgaansubsysteem, trim_indicatie.naam AS indicatie, 

trim_primaire_tumor_of_metastase.naam AS primaire_tumor_of_metastase, trim_arts_1.artsnm AS radiotherapeut, 

trim_arts_2.artsnm AS arts, trim_pat.patgsl, trim_arts.artsnm AS verwijzend_arts, trim_ja_nee.waarde AS 

huisarts_is_verwijzer 

FROM (((((((((((trim_pat LEFT JOIN trim_behandeltraject ON trim_pat.patnr = trim_behandeltraject.patient_nr) LEFT 

JOIN trim_zhs ON trim_behandeltraject.verwijzend_ziekenhuis_nr = trim_zhs.zhsnr) LEFT JOIN trim_arts ON 

trim_behandeltraject.verwijzend_arts_nr = trim_arts.artsnr) LEFT JOIN trim_arts AS trim_arts_1 ON 

trim_behandeltraject.behandelend_rto_nr = trim_arts_1.artsnr) LEFT JOIN trim_arts AS trim_arts_2 ON 

trim_behandeltraject.behandelend_arts_nr = trim_arts_2.artsnr) LEFT JOIN trim_ja_nee ON 

trim_behandeltraject.huisarts_is_verwijzer = trim_ja_nee.nr) LEFT JOIN trim_behandelvoorstel ON 

trim_behandeltraject.nr = trim_behandelvoorstel.behandeltraject_nr) LEFT JOIN trim_acuutheid ON 

trim_behandeltraject.acuutheid_nr = trim_acuutheid.nr) LEFT JOIN trim_orgaansysteem ON 

trim_behandelvoorstel.orgaansysteem_nr = trim_orgaansysteem.nr) LEFT JOIN trim_orgaansubsysteem ON 

trim_behandelvoorstel.orgaansubsysteem_nr = trim_orgaansubsysteem.nr) LEFT JOIN 

trim_primaire_tumor_of_metastase ON trim_behandelvoorstel.primaire_tumor_of_metastase_nr = 

trim_primaire_tumor_of_metastase.nr) LEFT JOIN trim_indicatie ON trim_behandelvoorstel.indicatie_nr = 

trim_indicatie.nr 

WHERE (((trim_acuutheid.naam) Is Not Null) AND ((trim_orgaansysteem.naam) Is Not Null) AND 

((trim_orgaansubsysteem.naam) Is Not Null) AND ((trim_indicatie.naam) Is Not Null) AND 

((trim_primaire_tumor_of_metastase.naam) Is Not Null) AND ((trim_arts_1.artsnm) Is Not Null) AND 

((trim_arts_2.artsnm) Is Not Null) AND ((trim_pat.patgsl) Is Not Null) AND ((trim_arts.artsnm) Is Not Null) AND 

((trim_ja_nee.waarde) Is Not Null) AND ((trim_pat.divnr)<>1111111 And (trim_pat.divnr) Is Not Null) AND 

((trim_behandeltraject.reden_afsluiting)="Behandeltraject voltooid") AND 

((trim_behandeltraject.behandeltraject_start_dt)>=#12/1/2009#) AND 

((trim_behandeltraject.behandeltraject_einde_dt) Is Not Null)); 
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Query 2 – Workflows per Process Instance 

 

SELECT Query1_ProcessInstances.behandeltraject, trim_Workflow.nr AS workflow, 

dbo_WorkflowInstance.WorkflowInstanceInternalId, dbo_WorkflowType.nr AS procestype_nr, dbo_WorkflowType.Name 

AS procestype, trim_Workflow.CreatedBy AS originator 

FROM ((Query1_ProcessInstances LEFT JOIN trim_Workflow ON Query1_ProcessInstances.behandeltraject = 

trim_Workflow.behandeltraject_nr) LEFT JOIN dbo_WorkflowInstance ON trim_Workflow.procesflow_id = 

dbo_WorkflowInstance.ContextGuid) LEFT JOIN dbo_WorkflowType ON trim_Workflow.procestype_nr = 

dbo_WorkflowType.nr; 

Query 3 – Audit Trail Entries 

 

SELECT dbo_ActivityExecutionStatusEvent.ActivityExecutionStatusEventId AS activity, 

Query2_WorkflowsPerProcessInstance.behandeltraject, Query2_WorkflowsPerProcessInstance.workflow, 

Query2_WorkflowsPerProcessInstance.procestype_nr, Query2_WorkflowsPerProcessInstance.procestype, 

dbo_ActivityInstance.QualifiedName, dbo_ActivityExecutionStatus.Description, 

dbo_ActivityExecutionStatusEvent.EventDateTime, dbo_ActivityExecutionStatusEvent.EventOrder, 

Query2_WorkflowsPerProcessInstance.originator 

FROM ((Query2_WorkflowsPerProcessInstance LEFT JOIN dbo_ActivityInstance ON 

Query2_WorkflowsPerProcessInstance.WorkflowInstanceInternalId = dbo_ActivityInstance.WorkflowInstanceInternalId) 

LEFT JOIN dbo_ActivityExecutionStatusEvent ON dbo_ActivityInstance.ActivityInstanceId = 

dbo_ActivityExecutionStatusEvent.ActivityInstanceId) LEFT JOIN dbo_ActivityExecutionStatus ON 

dbo_ActivityExecutionStatusEvent.ExecutionStatusId = dbo_ActivityExecutionStatus.ExecutionStatusId 

ORDER BY dbo_ActivityExecutionStatusEvent.EventDateTime, 

dbo_ActivityExecutionStatusEvent.ActivityExecutionStatusEventId; 
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Appendix II: Custom Comparator  

Visual Basic Advanced – Custom Script 
 
Function LabelRecords  
(FirstTable As String, FirstField As String, FirstFromDate As String, FirstOrder As String,        
SecondTable As String, SecondField As String, SecondFromDate As String, SecondOrder As String) 
 As Boolean 
 
Dim rst As Recordset 
Dim strSQL As String 
Dim strFirstSQL As String 
Dim strSecondSQL As String 
Dim FirtstRst As Recordset 
Dim SecondRst As Recordset 
Dim FirstCounter As Integer 
Dim FecondCounter As Integer 
Dim EntryCounter As Integer 
Dim FirstDate As String 
Dim SecondDate As String 
 
'open recordset and loop trough the records 
strSQL = "SELECT DISTINCT " & FirstField & " FROM " & FirstTable & " WHERE " & FirstOrder & " >= #" 
& FirstFromDate & "#" 
Set rst = CurrentDb.OpenRecordset(strSQL) 
If rst.RecordCount > 0 Then 
   'loop through records of the first table's selection and set initial values 
   rst.MoveFirst 
    Do While Not rst.EOF 
        FirstCounter = 0 
        secondCounter = 0 
        FirstDate = 0 
        SecondDate = 0 
         
        ' First Table Query 
        strFirstSQL = "SELECT * FROM " & FirstTable & " WHERE " & FirstField & "=" & rst(FirstField) & "  
AND " & FirstOrder & " >= #" & FirstFromDate & "# ORDER BY " & FirstOrder & " ASC" 
        Set FirstRst = CurrentDb.OpenRecordset(strFirstSQL) 
        If FirstRst.RecordCount > 0 Then 
            FirstRst.MoveLast 
            FirstCounter = FirstRst.RecordCount 
            FirstRst.MoveFirst 
            FirstDate = FirstRst(FirstOrder) 
        End If 
         
        ' Second Table Query 
        strSecondSQL = "SELECT * FROM " & SecondTable & " WHERE " & SecondField & "=" & 
rst(FirstField) & " AND " & SecondOrder & " >= #" & SecondFromDate & "# ORDER BY " & 
SecondOrder & " ASC" 
        Set SecondRst = CurrentDb.OpenRecordset(strSecondSQL) 
        If SecondRst.RecordCount > 0 Then 
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            SecondRst.MoveLast 
            secondCounter = SecondRst.RecordCount 
            SecondRst.MoveFirst 
            SecondDate = SecondRst(SecondOrder) 
        End If 
       
             
        ' if the number of records is equal for both tables then  label the records 
        If FirstCounter = secondCounter And FirstCounter <> 0 Then 
            ' write labels in table 1 
            EntryCounter = 1 
            Do While Not FirstRst.EOF 
                FirstRst.Edit 
                FirstRst("entry") = EntryCounter 
                FirstRst.Update 
                FirstRst.MoveNext 
                EntryCounter = EntryCounter + 1 
            Loop 
            FirstRst.Close 
             
            'write labels in table 2 
            EntryCounter = 1 
            Do While Not SecondRst.EOF 
                SecondRst.Edit 
                SecondRst("entry") = EntryCounter 
                SecondRst.Update 
                SecondRst.MoveNext 
                EntryCounter = EntryCounter + 1 
            Loop 
            SecondRst.Close 
        End If 
     
    rst.MoveNext 
    Loop 
End If 
rst.Close 
 
End Function 
 

 
Sub Execute() 
    ‘ Execute the script with the given variables 
    ' Labelrecods "FirstTable",   "FirstField" "FromDate",   "FirstOrder",  "SecondTable",  "SecondField", 
"FromDate", "SecondOrder" 
    LabelRecords "rs_aanmeldingen", "KIS_ID", "03/01/2010", "BEGINN_AANM", "behandeltraject2", 
"divnr", "4/01/2010", "behandeltraject_start_dt" 
     
End Sub 
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                           Appendix III: Workflow Models – Process Parts 
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Appendix IV: Performance Analysis with Petri Net 
 

The Performance Analysis with Petri Net plug-in as incorporated in the ProM framework, was used to 

calculate process performance metrics, by replaying the event-log through the mined process models 

(see Appendix III). To facilitate the conversion from the Heuristics Net notation to the needed Petri 

Net notation, conversion plug-ins from within ProM where used. Given the fact that many activities 

in the event-log resemble simple clicks or screens in the workflow management system, only the 

important major activities are highlighted with this analysis. This in term provides insights needed for 

log aggregation and determining which activities and process parts are most influential in terms of 

processing time. Please note that it is advised to add artificial s start and end task to the petri net  

model under investigation in order for the analysis plug-in to work properly.  

Activity   -  Time in hours Fast 
25% 

Norma
l 50% 

Slow 
25% 

Average 
throughput 

Standard. 
deviation 

ConsultationResult 0,37 1,22 18,79 5,40 40,52 

TreatmentProposal 0,02 2,56 210,99 54,04 186,69 

PostureAndCT 0,09 0,14 2,99 0,82 8,90 

Priority (directly after CT) 0,50 53,03 226,24 83,23 111,61 

DrawInstructionsAndDoseContraints 0,86 1,51 68,54 17,11 62,04 

CreateTreatmentPlan 0,08 0,66 30,76 8,03 17,44 

ReviewTreatmentPlanByOtherBVBTechnician 0,06 3,85 33,82 10,39 19,66 

ReviewTreatmentPlanAtTechnicalTest 0,90 10,81 39,08 14,41 19,44 

ConfirmQaPlanImported 2,58 19,68 91,47 33,49 37,76 

Table 1. Analysis of most time consuming activities in the workflow management system 

If we look at the table above, we see the large performance intervals per activity. As pointed out in 

section 4.3, the absence of waiting times discovered with this analysis and these large fluctuation 

lead to the discovery of the incorrect implementation of the workflow enactment engine. Seen from 

a functional perspective this setup works, as it allocates the tasks to resources and places them 

(started) in the work pool of these resources. However, from an analytical point of view this prevents 

exact determination of activity start times and consequently the calculation of activity duration. 

Given this fact, it is important to divide the workflow enactment actions on a finer grained level, 

incorporating at least 3 event types, being 1) available, 2) start and 3) finished 
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Appendix V: Compacted process model 
 

 



74 
 

 

Appendix VI: Dotted Chart Analysis 
 

This appendix section handles the executed Dotted Chart Analyses. This analysis tool generates visual 

results, which can be manipulated in various manner by means of sorting, column changes, relative 

to absolute ratio’s thereby plotting the observed activities against time. The visual patterns that arise 

during these analyses provide insight into otherwise difficultly observable process patterns. 

                      
Figure 1. Weekly patterns     Figure 2. Legend 

In the first figure, the different activities are separately displayed, for which the legend can be seen 

on the right. Although the scale of the image does not allow a detailed view of the amount of dots 

visible and their density, a zoomed in image displays a continuous and evenly spread line of dots, 

separated by the clearly visible weekly patterns. The fact that all the activities are executed in a 

evenly spread fashion hints to the equal spread and flow of the underlying business process. When a 

less symmetrical or evenly spread pattern would be visible, this could point to seasonal changes in 

the patient flow or the possible batch processing of tasks, which both appear not to be the case.    

  
Figure 3. Chronological total process   Figure 4. Chronological preparation process  

In figure 3 and 4 the activities found in the event-log are plotted against time (left to right), per case 

(top to bottom). The cases are ordered in chronological order to achieve a realistic image of the 

actual process events in the investigated time span. The large density of the left site of the figures 

illustrate the majority of cases which are handled within the first 30 days of the processing time. 

Furthermore from the difference between the two figures it is visible that the treatment radiation 

part is mainly responsible for the excessive duration of exceptional cases. For the non-excessive 

fluctuations, which are better distinguishable in figure 4, the main cause of delays is to be found in 
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the repetitive process until a plan is found valid as indicated by the pink dots. To further examine 

these distributions, these figures were subsequently ordered according to their relative process 

duration, which can be seen in figure 5 and 6. 

  
Figure 5. Relative total process    Figure 6. Relative preparation process  

From the figures above, the performance distribution of the total process is visable. There can be a 

clear distinction made between the two figures, which is mainly defined by the (static) medical 

treatment process, which is displayed by the black line and the empty space between the pink dots. 

When looking at figure 5 it can be seen that for approximatly 1 third of the cases this actual rediation 

treatment follows directly on the plan validation. A note has to be made that only the last radiation 

dose is visable in these figures, which is likely causing the gap before the black line. Furthermore, as 

the scope of figure 6 is more narrowed down, a clear patterns in waiting time becomes visable, 

displaying the initial consultation (green) followed by a gap (waiting time) and then the CT followed 

by the planning procedure. This indicates that either the planning of these activities skips the first 

days, or the patients are kept on hold waiting for their treatment, while treating the most urgent 

patients first.  

  
Figure 7. Relative total process    Figure 8. Relative preparation process  

When looking at figure 7, it can be seen that there is an equal, but distinctive patterns in the 

temporal execution of activities, when they are viewed relative to the total duration. In general it can 

be stated that these cases undergo a similar processing time relative to their process duration, as 

indicated by the consistently larger density of dots on the left side of this figure. Morover, the exact 

differences are visualized in figure 8 where the cases are also ordered according to their relative 

duration (top to bottom). It can be clearly seen that there is a tendency to start the treatment 

planning (orange) late in the process, which consequently defines the process duration. It is 

interesting to note the patients with the shortest preparation processes which display the waiting 

time gap, after the treament proces which is in term the most variable timed activity (orange). 
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Appendix VI: Performance Sequence Analysis 
 

 

 

Figure 1 & 2. Performance activity patterns, distinguished and mined with Heuristics miner  
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Appendix VII: Throughput time analysis 

Relative duration analysis – Regular patients 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Visual representation of the various process steps separated for patient groups 

  
Registration.-

Start 

Consult-

tm-CT 

CT-Start 

Planning 

Start Planning - 

Physical test 

Physical test - 

First Rx 

First Rx - 

Lasts Rx 
Count 

Abdomen 9.3 1.2 3.0 1.0 2.7 15.4 71 

Gynecology 10.6 2.4 3.2 2.2 1.6 16.8 19 

Hematology 6.5 3.3 4.1 1.6 1.8 15.1 27 

Head-Neck 5.8 2.9 3.1 1.8 2.0 27.2 33 

Skin 8.7 4.3 2.6 1.0 2.7 18.8 7 

Mamma 12.8 1.2 4.6 1.4 3.1 25.3 250 

Neurological 5.6 2.0 5.0 1.0 1.8 26.3 22 

Sarcomen 7.4 3.0 3.7 5.5 1.8 23.2 7 

Thorax 6.3 2.1 4.7 1.2 2.3 17.8 111 

Urology 8.4 7.5 2.9 1.3 2.4 27.8 109 

Regular avg. 9.5 2.7 4.0 1.4 2.6 22.8 658 

Table 1. Calculated metrics for the different medical patient groups – Regular patients 
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Relative duration analysis – Sub-acute patients 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Visual representation of the various process steps separated for patient groups 

 
Aanm.-

Start 

Consult  -

tm- CT 

CT-Start 

Planning 

Start Planning 

- Fysische test 

Fysische test - 

Eerste Rx 

Eerste Rx - 

Laatste Rx 
Aantal 

Abdomen 4.8 0.3 0.7 1.1 0.7 3.1 34 

Gynaecologie 4.0 0.0 0.9 1.0 0.3 5.0 7 

Hematologie 4.4 0.4 0.5 1.3 0.3 1.7 20 

Huid 4.3 0.1 0.5 1.0 0.8 3.3 11 

Mamma 5.0 0.1 0.6 1.4 0.8 3.5 45 

Thorax 4.9 0.2 0.8 1.2 0.6 3.6 145 

Urologie 3.7 0.4 0.8 1.0 0.6 1.9 73 

Subacuut - 

Gemiddelde 

4.6 0.2 0.7 1.2 0.6 3.0 352 

Table 1. Calculated metrics for the different medical patient groups – Sub-acute patients 
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Graphing of throughput time distributions 
The following figures and tables represent calculated throughput time distributions the 4 main 

patient groups as identified in section x. The distributions are calculated taking into account only the 

working days and the interval starting on the registration date until the physical test activity. 

 
Table 3. Occurrences of case throughput time for the main patient groups  – Regular patients

 
Table 4. Occurrences of case throughput time for the main patient groups  – Sub-acute patients 
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Appendix VIII: Explorative classification analyses 

1st Explorative Analysis 
The figures in this analysis are based on data from regular patients, for which the throughput times 

where calculated (in working days) for the interval starting at the registration, until the actual 

approval of the plan at the physical test. 

 
Figure 1. Classifier tree using all available variables  

Included Variables: 

- Gender 

- Organ System 

- Organ Sub System 

- Indication 

- Treating therapist 

- Treating doctor 

- Acuteness 

- Primary  or Meta 

- OK or Marker 

- Referral by 

- Number of plans 

 

 

 

 

 

 

Figure 2. Confusion Matrix of the 1st explorative classification analysis 
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2nd Explorative Analysis 
 

This section provides information about the definition of classes used in the second explorative 

analysis. These classes in term were formed by manually inspecting the data, for which the regular 

value was used as a first class and the gradations of exceptional values as subsequent classes. 

Class definitions: 

Used in model Actual First class Subsequent 

Consul-tm-proposal Waiting time after consultation <= 3 days 3-10, >10 

Proposal-tm-CT Complete CT-scan procedure 1 week 2,3,4,5 

Start-Planning-tm-plan-valid Complete planning procedure <= 3 days > 3 

Table 1. Class definitions based on standard and exceptional durations (manually created) 

 

 

Figure 4. Classification Matrix 

 

Figure 3. Classification Model 
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Appendix IX: Classification model 

 

Figure 1. Final Classification model – Prediction process standard conformance at planning moment   
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Figure 2. Classification model of the Registration- Consultation interval for regular patients 
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Appendix X: Introductory simulation analyses 

Weekly throughput patterns  
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Throughput distributions of the planning procedure 
 

 

 

 

 

 

 

 

 

 

Distribution of regular patients – working days 

 

  

        Distribution of regular patients – calendar days 

 

 

 

 

 

 

  

Distribution of sub-acute patients work. days 

         Distribution of sub-acute patients calendar days 
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