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Abstract 
 Business process modeling has gained popularity in practice and in research. There has been 
research in what business process model quality is, how it can be measured and whether it can be 
predicted. It turns out that if there is searched for predictive capacity in model characteristic that some 
type of model characteristics seem to be suited for predicting quality where others are suffer from 
contradictory evidence. This is an indication that it might be good to direct the focus away from the 
latter set of the characteristics in the search for predictors of business process model quality. 
 A state of the art about the business process model quality metrics and predictors is created to 
shed some light on the different findings in the field. The model characteristics separability and 
sequentiality are among other characteristics found to have contradictory evidence. This graduation 
thesis concludes through empirical research that those characteristics do not predict soundness, which 
is an operationalization of syntactic quality. The main rationale behind those metrics however still 
holds. The rationale is that if certain parts of a process model can be considered in isolation, the 
problems of bounded rationality and limited information processing capacity of the human brain are 
omitted substantially. At last a methodology for a way of modeling is proposed that takes into account 
the described rationale. This methodology is created at the hand of a methodology created for creating 
business information system architectures and fits in with the research in the process of process 
modeling. 
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1 Introduction 
Process models have gained on popularity as communication tool alongside the rise of ICT to 

support business processes (Sánchez-González, Ruiz, García, Piattini 2013). Business process modeling is 
thought to influence fundamental aspects in organizations such as product quality and customer 
satisfaction, since business process models lay at the very basis of those fundamental aspects 
(Cardoso, 2006). Besides the use in practice, the scientific world has also shown an interest in process 
models. Different process modeling tools are proposed, discussed and evaluated; multiple quality 
metrics and tools to measure those metrics were created and were put into use; and researchers are on 
a journey to find the predictors of business process model quality.   
 Although there has been, and still is, research into what process model quality is, no general 
agreement has risen yet. There are multiple terms for quality without a clear view on which terms 
might mean the same or how the different types relate to each other. For example in (Aranda, Ernst, 
Horkoff, & Easterbrook, 2007) the term “comprehensibility” is used as business process model 
quality and in (Rolon, Sanchez, Garcia, Ruiz, Piattini, Caivano, Visaggio, 2009) the term “usability” 
is used as business process model quality. It turns out that those terms are operationalized in a very 
similar manner, but because of the use of different terms, this similarity is not very transparant.  
 The lack of clarity about similarities and differences between used terms in the domain of 
business process model quality is spread wider than only in terminology for quality itself. It is also 
present in a popular area to search for predicting power of quality, in process model characteristics 
that are thought to predict business process model quality (e.g. (Mendling, 2008), (Reijers, Mendling, 
2011), (Mendling, Sánchez-González, García, & La Rosa, 2012) show ample model characteristics 
that are thought to predict quality). An example of non-consistent terminology is shown for the model 
characteristic “coefficient of network complexity”. In (Cardoso 2006) this model characteristic is 
identified as being a predictor of business process model quality and is calculated by dividing the 
number of arcs in a process model by the number of nodes in that model. In (Latva-Koivisto, 2001) 
the coefficient of network complexity is calculated by the square of the number of arcs divided by the 
number of nodes. Although these measures are similar, there is a difference which can not be obtained 
from the labels.  
 The fact that different terms might indicate the same and that the same terms might have 
different meanings across different papers, makes it hard to compare results or to build upon previous 
research. This hinders progress in the business process model quality domain.  
 Furthermore are there a lot of model characteristics that in one paper are found to be a 
predictor of a certain form of quality and in another paper no such findings could be made. For 
example, the model characteristic “control flow complexity” is found to be a predictor in (Sánchez-
González, Ruiz, Mendling, 2012) but this charateristic was not found to be a significant predictor in 
(Mendling, Reijers, Cardoso, 2007). Those different findings are untill now not discussed in the 
papers that came to other conclusions than the conclusions of previous work, nor is there a separate 
paper that compares and or discuss those differences. This lack of comparison between different 
conclusions on top of the inconsistent terminology makes it unclear what business process model 
quality actually is and whether model characteristics are suited as predictors of business process 
model quality. This thesis will provide insight in whether there are model characteristics that are 
suited for predicting business process model quality and especially whether model characteristics are 
thought to be suited to predict business process model quality. This will be investigated at the hand of 
the research question: 

Are characteristics of a model a good place to search for predictors of business process 
model quality? 
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 To answer this question two types of research will consequetively be deployed. First, a 
literature study will be deployed, followed by empirical research. In the literature study, the following 
two sub-questions that will help answerring the main question will be answered: 

- What is business process model quality? 
- Which model characteristics are identified in literature that predict business process model 

quality? 

The answers of those questions will provide clarity about what work has been performed and 
how these pieces of work relate to each other, including whether some model characteristics turn out 
to be predictors of a certain type of quality through multiple pieces of research and for which model 
characteristics there is contradictory evidence. If it turns out that there are plenty of model 
characterstics that are predicting model quality, this is a sign that model characteristics are a good area 
to search for quality predictors. If there are many contradictory results, this means that for many 
characteristics it is rather unclear whether they predict quality or not. This would indicate that model 
characteristic might not be the best way to capture predictive power for quality, since many 
contradictory evidence between pieces of research without clear progress is a reason to switch to other 
research (Godfrey-Smith, 2003). By identifying which characteristics are used to predict quality and 
by providing information about whether there is contradictory evidence for those characteristics, a 
state of the art of business process model quality will be obtained. The state of the art will be 
presented in a framework, which will be a contribution on its own. How this study is performed and 
how the framework is created will be discussed in the research design.   
 The empirical research will be performed with a much smaller scope than the literature study. 
The scope of the literature study contains as much model characteristics that are thought to predict 
business process model quality as possible and contains several types of quality. The goal of the 
empirical research is to create clarity about some of the model characteristics that have contradictory 
evidence on whether they are a predictor of a certain form of quality or not. The empirical research 
will zoom in on just one metric for quality and two metrics for model characteristics. The quality 
metric that will be investigated is soundness and the model characteristics that will be investigated are 
separability and sequentiality. How the decisions are made to zoom in on specifically those metrics 
will be discussed in the research design. The sub-questions to be answered in the empirical research 
are: 

- Is separability a predictor of soundness? 
- Is sequentiality a predictor of soundness? 

It will become clear that in order to answer those questions also empirical research will be 
performed on other model characteristics as well, the focus will remain on separability and 
sequentiality. Answering the stated questions will help in constructing an answer of the main question 
by either identifying separability and or sequentiality as predictors, or by determining that those 
characteristics are very unlikely to be predictors. Besides that, also some insight will be gained on the 
likeliness of whether the other model characteristics that will be analyzed are predictors or not. 
Furthermore, a close look will be taken on the reasoning behind separability and sequentiality, in 
order to create a better understanding of why model characteristics could predict business process 
model quality.  
  The thesis will be concluded by answering the main question, by discussing whether 
model characteristics are thought to be a good area to look for predictors for business process model 
quality and by making a suggestion of what type of predictor would be better if the conclusion is that 
model characteristics are not the best place to look for predictive power.   
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 Now the research design will be depicted in order to provide more detail on how the analyses 
will be performed and to present the structure of the thesis.  

1.1 Research design 
As already mentioned will the main question be answered at the hand of two consecutively 

performed types of research. The literature study will be deployed and discussed separately from the 
empirical research and is called Part 1. The empirical research will be performed and discussed in Part 
2. The complete research design is shown in figure 1, which reveals the chapters that this thesis 
contains.  

 

Figure 1 Research design 

Section 1.1.1 and section 1.1.2 will present what will be discussed in Part 1 and Part 2 
respectively. 

1.1.1 Part 1 
The state of the art that will provide answers to the two sub-questions to be answered in Part 1 

will be created at the hand of two types of building blocks. A quality framework about conceptual 
quality will serve as a source of inspiration for the structure of the state of the art. The state of the art 
will be shaped into the form of a framework and it will be filled with literature about business process 
model quality. Once the framework is constructed it will provide insight in the used types of quality 
and the constructed predictors. Part 1 will be concluded with a discussion of the framework.   

Framework 
 The conceptual quality framework that is used as source of inspiration is the quality 
framework created in (Lindland, Sindre, Solvberg, 1994), which is shown in figure 2. This is a well-
established framework, which is cited by over 300 papers. The work has already been used to create 
other versions of frameworks (e.g. (Nelson, Poels, Genero, Piattini, 2012)). As can be obtained from 
this publication of 2012 is that the framework created in 1994 is still relevant. The fact that in 2013 
the work of (Lindland, Sindre, Solvberg, 1994) is cited 20 times confirms this maintained relevance. 
The framework is thought to be still relevant because it captures different main types of quality in one 
framework and it is a comprehensible framework. Because of these reasons the framework of 
(Lindland, et al., 1994) is used as source of inspiration for creating the state of the art of business 
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process model quality.  

 

Figure 2 Conceptual quality framework (Lindland et al., 1994) 

As can be seen in figure 2, on the left three quality concepts are presented followed by their 
goals. Those goals are translated into model properties from which modeling activities are derived in 
order to increase those properties which result in obtaining the goals to have a higher conceptual 
quality. From this framework only the quality concepts accompanied by their goals will be used, 
because only these levels are thought to be abstract enough to be applicable for process model quality. 
This should not lead to a major loss of information, since the main point in (Lindland, Sindre, & 
Solvberg, 1994) was to define the different quality concepts and its goals.    
 (Lindland et al., 1994) do not give direct definitions for the quality concepts, but instead have 
made clear goals for these concepts. The goals will be translated into definitions to be used in this 
paper. The definitions: 

- Syntactic quality: syntactic correctness, all statements are according to the syntax of the 
modeling language. 

- Semantic quality: the model is valid and complete, all statements made by the model are 
correct and relevant to the domain and the model contains all the statements about the 
domain that are correct and relevant. 

- Pragmatic quality: comprehension, all concerned parties are able to (easily) understand the 
model. 

These definitions will be used as a frame of reference to categorize quality concepts and their 
definitions used in research. 

Literature study   
 A search for literature is performed based on back- and forward snowballing of a set papers 
that are thought to set a good scope for the search. The search resulted into 67 pieces of literature, of 
which eventually 49 could be used in creating the state of the art. The other 18 papers were either 
about conceptual modeling, about programming or the subject of investigation in that work was too 
preliminary for the purpose of this work. Appendix A provides more detailed information about the 
search for literature. 

1.1.2 Part 2 
Part 2 is about analyzing two thought to be predicting model characteristics for which 

contradictory evidence is found in the covered literature. This will provide insight in whether those 



5 
 

characteristics can be seen as a predictor or not, which in its turn will provide some more knowledge 
about whether model characteristics are a good place to look for predictive power of business process 
model quality.   
 As already mentioned will this part have a much smaller scope as Part 1. The main reasons for 
making the scope narrower are a lack of time and resources to keep the scope of Part 2 on the same 
level as Part 1. Investigating all model characteristics with contradictory evidence on all quality 
metrics, would take too much time and demands more data than could be made available for this 
thesis. The decision to choose for the possible relations between separability and soundness and 
sequentiality and soundness are based on pragmatic reasons as well for reasons that they are the most 
interesting relations to investigate. Concrete motivation for the decision will be provided in Part 2. For 
now will be pointed out that separability and sequentiality are thought to be interesting to investigate 
mainly because of their rationales. Those rationales will also be inspected in order to gain more 
knowledge about whether model characteristics are thought to predict quality.  
 The empirical research will make use of data that is made available for this thesis. No actual 
data gathering is performed in this work, only already gathered data is used. More specifics about the 
data will be presented in Part 2 itself.  
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Part 1 – Business process model quality framework 
 

 The goal of this part is to provide answers to the first two sub-questions. The first section in 
chapter two will provide an answer to the first sub-question, by providing an overview of business 
process model quality and its metrics. The second section of chapter two will answer the second sub-
question, by providing an overview of the identified model characteristics that are thought to predict 
business process model quality. The two sections together will form the business process model 
quality framework and in chapter three the framework will be discussed, which concludes Part 1. 

2 Business process model quality framework 
 In this chapter the quality framework will be created in two steps. First the different types of 
quality will be identified and discussed. The second step will point out the predictors that are used in 
research. 

2.1 Business process model quality metrics 
Already mentioned is that there are no general agreed 

upon terms in process model quality research, with multiple 
terms for quality concepts as one of the results. The concepts 
used in literature will be allocated to the quality concepts 
defined above. Concepts used in research will be determined 
as synonyms for each other if possible, other concepts will be 
treated separately in the framework. Metrics will be presented 
for the resulting allocated concepts. All metrics incorporated 
in the framework are checked on whether they actually are 
metrics and not predictors for process model quality and it is 
checked whether the supposed metric indeed fits the category 
according to the definitions given earlier.   
 Figure 3 shows the quality concepts belonging to the 
main concepts used in the framework accompanied by their 
metrics. Those concepts and metrics will be discussed below.
  

2.1.1 Syntactic quality 
As already explained is syntactic quality about the 

correctness of the way how the grammar is used in a model. If 
a model is syntactically correct, the model is sound or has 
soundness. However, soundness is mainly used in research as 
a term for a syntactic correctness metric. In order to keep 
terminology in this paper clear soundness as a construct will 
be called: syntactic correctness and soundness as a metric 
will remain to be called soundness.   
 Syntactical correctness for Workflow-nets(WF-nets) 
with one starting point and one end point can be checked 
automatically by using the soundness property (W. M. P. Aalst 
et al., 2010). This property checks for deadlocks, livelocks and figure 3 Process model quality metrics 



7 
 

other grammar related anomalies. Therefore the three following requirements need to be satisfied: 
“(1) option to complete: for each case it is always still possible to reach the state which just marks 
place end, (2) proper completion: if place end is marked all other places are empty for a given case, 
and (3) no dead transitions: it should be possible to execute an arbitrary activity by following the 
appropriate route through the WF-net” (Aalst et al., 2010, p2).   
 However, not all process models are created in WF-nets. Therefore there are measures created 
like EPC-soundness and BPMN-soundness, so that syntactical correctness can be measured while the 
model is not created as a WF-net.   
 Besides that, not all models are needed to comply with the basic and strict form of syntactical 
correctness. Mendling, Verbeek, & Dongen (2007) concluded that for many cases the soundness 
measures are too strict. EPCs for example are mostly used to create a general view of a process, 
exceptional situations are not incorporated into the model, which will lead to the possibility of 
behavior that does not match the model with the result of remaining tokens. Therefore the authors 
came up with relaxed soundness for EPCs: “relaxed soundness demands that any transition (i.e., a task 
or function) is involved in at least one “sound execution”, i.e., for any transition there should be an 
execution path moving the process from the initial state (one token in the source place) to the desired 
final state (one token in the output place)”.   
 Another form of a less strict measure is perspicuity (Claes et al., 2012), where perspicuity is 
defined as: “a model that is unambiguously interpretable and can be made sound with only small 
adaptations based on minimal assumptions on the modeler’s intentions with the model” (Claes et al. 
2012 p8). In order to check for perspicuity the authors first translate the by a participant created model 
to a syntactically correct model if the model structure strongly hinted at the modeler’s intentions 
(Claes et al., 2012). Because of the fact that they used BPMN models, the models were transformed 
into a WF-net in order to check for soundness using LoLA (Wolf, 2007).   
 Furthermore in Aalst et al. (2010) seven more types of less strict measures are defined: k-
soundness, weak soundness, up-to-k-soundness, generalized soundness, relaxed soundness, lazy 
soundness and easy soundness. Which are all variants of the classical or basic soundness, with one or 
more loosened restrictions.   
 Both the measures for other grammars and the less strict measures boil down to the basic form 
of syntactical correctness, classical soundness. The variations are there in order to be able to measure 
syntactical correctness for more than only WF-nets in the same way as much as possible. Not to 
introduce another type of measure that is thought to be a better metric for syntactic correctness.  
Therefore syntactical correctness will be incorporated into the framework with the measure of 
soundness in general, so that it will be possible to direct a relation based on any variant of classical 
soundness to the soundness block in the framework. 

2.1.2 Semantic quality 
Semantic quality is not discussed as much as the other quality concepts in literature and if 

statements are made about semantic quality they are only theoretically based (e.g. (Soffer, Kaner, & 
Wand, 2012), (Jan Mendling, Strembeck, & Recker, 2012)) or measures are not revealed(D Moody, 
Sindre, Brasethvik, & Sølvberg, 2003). In (Lindland et al., 1994) actions are described which can be 
performed manually in order to improve semantic quality. Furthermore they present formulas on how 
to calculate completeness and validity, which are the building blocks of semantic quality. 
Completeness is about whether all relevant aspects of the real world are incorporated into the model 
and validity in this context is about whether there are no wrong statements in the model. However the 
variables used in the formulas do not have defined measures and therefore the formulas are 
inoperable. Besides that, if they were, it still would be doubtful whether they could be translated to a 
process model quality metric since Lindland et al (1994) discusses conceptual models.  
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 One suggestion to get an indication of semantic quality is to make use of interactive 
simulation and let that be judged by experts in the domain whether it represents reality(W. Van Der 
Aalst & Hofstede, 2000). However, interactive simulation is not likely to be possible if the model is 
created by hand, since there probably will be no event log. A suggestion to circumvent this problem is 
to just discuss fictitious traces with the domain experts and then let them judge whether these traces 
represent reality.   
 If an event log would be available, probably some measures could be revealed. However, this 
will not be discussed, since the focus is on process models created by hand and it is unlikely that there 
will be an event log present in such a case. Therefore it has to be concluded that no metrics are used to 
determine semantic quality of manmade process models. Only two concepts are identified: 
completeness and validity (Lindland et al., 1994). 

2.1.3 Pragmatic quality 
More research is done in pragmatic model quality and since there are until now no real 

standards in terms or definitions, different terms are used which can and will be interpreted as 
pragmatic quality. The used terms are comprehensibility, understandability and usability. Their match 
with pragmatic quality and each other will be discussed as will their metrics be.   
 As given by the interpreted definition of pragmatic quality, comprehension is the key word for 
pragmatic quality and therefore can comprehensibility be seen as a one to one match with pragmatic 
quality. The two papers that use comprehensibility do not give a definition. In (Aranda et al., 2007) is 
explained why comprehension is of importance, in (Figl, Recker, & Mendling, 2013) this also is taken 
for granted.   
 Understandability is the most frequent used term for pragmatic quality in current business 
process model literature. Although understandability is in no article defined or directly related to the 
term pragmatic quality, from those articles it is clear that understandability belongs to pragmatic 
quality.  
 In the covered literature, the term usability is only used once (Rolon et al., 2009). However, 
later on the authors of this paper talk about understandability and later on they even name their 
dependent variable understandability. Therefore this research will be used as relevant for pragmatic 
quality but the term usability is eliminated in the race for being a concept title.   
 Since understandability and comprehensibility are used interchangeably in the papers about 
understandability or comprehensibility, it is decided that they at least in the context of pragmatic 
process model quality can be treated as synonyms. The term comprehensibility is used in the 
framework since the word comprehension is used in the translated definition of pragmatic quality. 
From now on only the term comprehensibility will be used, also if the research discussed talks about 
understandability.  

Pragmatic quality metrics   
 The metrics for comprehensibility created in (Figl et al., 2013) are comprehension accuracy, 
comprehension efficiency and perceived difficulty. Comprehension accuracy is measured by the 
correct answers to process model content related questions; comprehension efficiency is measured by 
the time used answering the questions and perceived difficulty is measured by asking about the 
difficulty of the questions. Comprehension accuracy is called correct answers, comprehension 
efficiency is called time needed to comprehendnd and perceived difficulty is called perceived ease of 
comprehending for easier understanding.   
 Further findings in literature for process models show that the number of correct answers is 
the dominant way to measure comprehensibility. The papers that use correct answers will be briefly 
discussed along with the terms they used and if needed a discussion about why it can be interpreted as 
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the same as correct answers. In (Dumas, Rosa, & Mendling, 2012) the sum of correct answers is used 
to measure the participant’s understanding of a process model without a further definition or 
description. (H. a. Reijers, Freytag, Mendling, & Eckleder, 2011) use the number of correct answers 
out of a set of closed questions. They state that it is an indicator. However, later on they treat it as a 
direct measure and therefore their work is seen as in line with the other articles. (Melcher, Mendling, 
Reijers, & Seese, 2009) use a set of questions about repetition, concurrency, exclusiveness and order 
of tasks to measure comprehensibility. These are all process model content related questions used to 
measure comprehensibility. In (H. a. Reijers, Mendling, & Dijkman, 2011) is stated that they use a 
similar set of questions as in (J Mendling, Reijers, & Cardoso, 2007) and Mendling et al. (2007) ask a 
set of closed questions about  repetition, concurrency, exclusiveness and order just like (Melcher et 
al., 2009). The last research about comprehensibility is (Rolon et al., 2009) and there a questionnaire 
of six questions about relations between activities in the process is used to measure comprehensibility. 
No research is found without measuring correct answers and of these papers only (H. a. Reijers, 
Freytag, et al., 2011) and (Aguilar, Garcıa, Ruiz, & Piattini, 2007) use also other measuring 
dimensions. They respectively use understanding speed and the time used to answer the questions 
which both can be seen as time needed to comprehend. Besides that (Aguilar et al., 2007)  use  a 
subjective measure where the model readers are asked to score the model for comprehensibility 
(Aguilar et al., 2007). The work in (Aguilar et al., 2007) is very exploratory and therefore not suited 
for extracting predicting relations solely based on this article. Therefore this work is only used to 
indicate that there is such thing as measuring pragmatic quality by asking the model reader about 
comprehensibility of the model.  
 A final note about using a questionnaire with questions about the process model to measure 
comprehensibility is that it is of importance to choose the questions carefully. The formulation of the 
question used will have impact on the results(Laue & Gadatsch, 2011). Since it was an exploratory 
research, the authors did not decide upon the best questions, only that different results will be 
obtained if different questions are asked. 

Before continuing with the section about 
predictors of process model quality an 
overview of used terms will be presented. 
There were multiple terms in literature that 
indicated the same or the same term was used 
with a different meaning. Those terms are 
already discussed and for clarity they are 
presented in table 1.   
 Note that for the terms used in 
literature that are merged into one term it is 
argued that for the purposes of this paper it is 
allowed to do so. However this does not 
necessarily mean that those terms should be 
considered a synonym in all situations. The 
terms for soundness that are merged into one 
term in this work should not be treated as 
synonym in all situations. For the other terms 
it would be beneficial for the research domain 
of process model quality if one term would be 
chosen. Table 1 Overview of translated and merged terms 

Term used in literature Term in framework 
Soundness used as construct Syntactical correctness 
Soundness used as metric Soundness 
EPC-soundness 
BPMN-soundness 
Relaxed soundness 
Perspicuity 
K-soundness 
Weak soundness 
Up-to-k-soundness 
Generalized soundness 
Lazy soundness 
Easy soundness 
Classical soundness 
Basic soundness 
Comprehension accuracy Correct answers 
Comprehension efficiency Time needed to 

understand Understanding speed 
Time used to answer questions 
Perceived difficulty Perceived ease of 

comprehending Score the model for 
comprehensibility 
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2.2 Process model quality predictors 
The predictors size and complexity are widely accepted to be predictors for process model 

quality ( e.g. (Soffer et al., 2012), (Lee & Yoon, 1990), (J Cardoso et al., 2006), (Jan Mendling, 
2009), (Reijers and Mendling 2011)). The bigger and more complex the model, the lower the quality 
will be. However, there are many ways to measure those concepts. There are many aspects of size or 
complexity that can be measured and not all aspects are relevant for predicting process model quality. 
Even predictors for which no link is made to size or complexity by the creators or users of that 
specific predictor, the reasoning behind the predictors boils in all literature down to either that the 
predictor causes or measures size or complexity. This section will reveal which aspects of size and 
complexity are, might be or are probably not important for predicting quality and for what type of 
quality that statement holds. First, it will be defended that size itself is not a complexity measure. 
Then size and its measures are discussed, followed by a discussion of complexity. Size and 
complexity are not treated in the same way. For size, the metrics that are proven a good predictor for 
quality as a group will be presented in the framework as that group of metrics. For complexity it is a 
bit different, there the metrics are treated as units on its own, this because there is more research on an 
individual level on those metrics and there are very often multiple sources which are interesting for 
that specific metric. 

2.2.1 Size is not a complexity measure 
Although it might be reasonable to think that size makes process models more complex, it is 

better to keep them apart since they are two different root reasons for problems with quality. Since 
size on its own does not necessarily make a model hard to understand, which can be shown by 
comparing a very long sequential process model with a smaller model with multiple pathways. The 
sequential process is bigger and still easier to understand (J Mendling, Verbeek, et al., 2007). Besides 
that, although size is in some research used as complexity metric (Dumas et al., 2012) in other 
research the terms complexity and size are explicitly separated ((J Mendling, Verbeek, et al., 2007); 
(J. Mendling, Reijers, & van der Aalst, 2010)). There might be two reasons for the use of size as a 
complexity metric. First, it is not uncommon to get inspiration for process model metrics from 
computer programming and in programming the LOC measure is a measure that counts the number of 
programming lines (Gruhn & Laue, 2007). Another reason might be that in large models there is more 
room for complexity to manifest, so that it indeed will be true that the chance is bigger that there is 
complexity in a large model. Although these reasons are understandable, they are not a valid base for 
treating size and complexity as synonyms. 

2.2.2 Size  
  Model size is thought to be a syntactic error determinant if the model is produced by a human 
modeler (J Mendling, Verbeek, et al., 2007). The limited cognitive capabilities of people will lead to 
that modelers will lose track of all interrelations of a large model which will result in introducing 
errors. Findings in (J Mendling, Verbeek, et al., 2007) match this theory, since they found that a 
higher number of events will increase the chance that a model contains an error. The size metrics that 
were used and proven to be of influence are: the number of start events, the number of internal 
events1, the number of XOR joins, the number of OR joins and the number of OR splits. Note that 
they use an adapted form of soundness, since classical soundness dictates that there can only be one 
starting point. In this paper “relaxed soundness” is applied, which main characteristic is that it is 
possible from every element, but not necessarily certain, to have a proper execution sequence. Using 

                                                   
1 The meaning of internal events is not explained in the paper, it is assumed that it is a count of all the events 
minus the start and end events. 
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only the metrics indicated above to classify a set of process models as syntactic correct or incorrect 
resulted in a 95% accuracy. All those measures except for internal events are also used by (Mendling, 
Sánchez-González, et al. 2012). Besides that they use more size measures, they used al the measures 
defined in (J. Mendling, 2008):number of nodes, arcs, tasks, start-events, end-events, connectors, and-
splits, and-joins, xor-splits, xor-joins, or-splits and or-joins. The use of all these metrics combined to 
predict whether a model is syntactically correct also leads to significant results. If only the number of 
nodes and the diameter2 are used as size metrics, also the conclusion will be drawn that an increase in 
size leads to a higher chance of a syntactically incorrect model (Jan Mendling & Neumann, 2007). 
Even is only the number of nodes are used as size metric, similar results will be obtained (Jan 
Mendling, Neumann, & Aalst, 2007).  
 Now an intermezzo about error probability is necessary. Some of the mentioned research 
above and more in upcoming sections use the term error probability. Where error probability is the 
chance that a process modeler will make an error with respect to syntax (Jan Mendling, Neumann, et 
al., 2007), which is often directly linked to comprehensibility. While what they test is how much of a 
certain set of models is (in)correct. So, what they do test is whether a certain aspect of size or 
complexity can predict whether a model is sound or not. Therefore, research on error probability will 
be interpreted as being a test for a predictor for soundness, regardless whether it is stated to be a 
predictor for comprehensibility or not.  
 With the meaning and function of error probability cleared out, all discussed research about 
size is determined to be about whether it predicts soundness and it does. Therefore all the metric 
combinations will be incorporated into the framework. Furthermore, from the seven process modeling 
guidelines in (J. Mendling, Reijers, & van der Aalst, 2010) can be obtained that size is something that 
should be avoided as much as possible.  

2.2.3 Complexity 
Complexity has had plenty attention in scientific literature in general. However, this has not 

resulted in one agreed upon definition of complexity. Definitions vary from vague ideas to measurable 
concepts (Funes, 1996). Proposed metrics like: size, ignorance, minimum description size, variety and 
order and disorder are also argued not to be a complexity metric (Edmonds 1997, 1998). Edmonds’ 
(1997) view on complexity is that complexity should be a measure that reflects the difficulty of a 
model. In Edmonds (1998) complexity is defined as: “That property of a language expression which 
makes it difficult to formulate the overall behavior of the expression, even when given almost 
complete information about its atomic components and their inter-relations”. Which, translated into 
the process model field, can be interpreted as that complexity is about properties of a process model 
that make it hard to understand. Although the definition might be too abstract to make directly 
operatable, it gives a good grasp at the meaning of complexity. (Latva-Koivisto, 2001) States that this 
definition is useful and that it clears out confusion and vagueness surrounding complexity and that 
through it abstractness the definition gets applicable to many different fields. This is indirectly 
supported in Cardoso (2005) where the definition used can be seen as a derivative of Edmonds’ 
definition.  Complexity is defined as:” the degree to which a business process is difficult to analyze, 
understand or explain.” (Cardoso, 2005, p1). Although (Dumas et al., 2012) and (Vanderfeesten, 
Reijers, Mendling, Aalst, & Cardoso, 2008) don’t give direct definitions of complexity, they link it 
indirectly to Edmonds’(1998) definition, which supports Latva-Koivisto’s statement.  In (Dumas et 
al., 2012) complexity is linked to the opposite of understandability and in (Vanderfeesten et al., 2008) 

                                                   
2 Although they do not directly define the diameter as size metric, it is classified under the topic since the 
diameter gives the length of the longest path from a start node to an end node, which has to do with the size of a 
model.   
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complexity is linked to cognitive effort. However, in most research the definition of complexity is not 
given and the correct interpretation is taken for granted, or at best is left to be reverse-engineered from 
the metrics used ((Ghani, Muketha, Wen, (2008)),  (González, Rubio, González, & Velthuis, 2010), 
(Gruhn & Laue, 2007), (J Mendling, Verbeek, et al., 2007), (J. Mendling, Reijers, & van der Aalst, 
2010), (Lee & Yoon, 1990), (J Mendling, Reijers, et al., 2007), (Reijers and Mendling 2011), (Aguilar 
et al., 2007) and (Rolon et al., 2009)). In the remaining part, Edmonds’ (1998) general definition will 
be used as definition of complexity. The following metrics are all considered to be complexity 
measures. For some measures more explanation about the line of reasoning behind the measure will 
be given, the most measures will only have a description of what they measure and what they predict.  
 Separability is based on the count of the nodes whose deletion will result in two disconnected 
process models. It is defined as: “The separability ratio relates the number of cut-vertices to the 
number of nodes” (J. Mendling, 2008 p122) and calculated by dividing the number of cut vertices by 
the number of nodes excluding the start and end event, so the number of nodes minus two. The 
rationale behind this metric is that if a model is more sequential (i.e. more cut vertices), it will be an 
easier model. Separability is proven to be a positive predictor of soundness (Mendling, Neumann, 
2007). Furthermore separability is proved to increase the chance of successful process modeling. In 
such a way that models that have a higher separability are more often syntactically correct (Mendling, 
Neumann, and Aalst 2007). Which matches the evidence in (Jan Mendling & Neumann, 2007). 
Besides that, there is evidence that separability is a positive predictor for comprehensibility (Jan 
Mendling & Strembeck, 2008). Although the authors state that separability only correlates with a 
predictor of comprehensibility, they give evidence that separability correlates with “correct answers” 
which is a direct measure of comprehensibility. However, for both proven relations there is also 
contradicting evidence. In (Reijers, Mendling 2011)  separability was tested on comprehensibility by 
the same metrics, but resulted in no significant results. In (Mendling, Sánchez-González, et al. 2012) 
separability does not increase the chance of successful process modeling.   
 Sequentiality is the ratio of the number of arcs that are part of a sequence to the total number 
of arcs in a process model. Arcs that are drawn between non-connector nodes are determined to be 
part of a sequence for this metric. Sequentiality is found to be a positive predictor of 
comprehensibility (L Sánchez-González & García, 2010). Unfortunately though, it is not explained 
how they measured comprehensibility. Besides that, the evidence is undermined by research where 
sequentiality is tested as predictor of comprehensibility by means of “correct answers” but no 
significant results were found (J Mendling, H A Reijers, and J Cardoso 2007), (Reijers and Mendling 
2011). Furthermore an exploratory study showed that sequentiality could be a positive syntactic 
quality predictor (Mendling, Neumann, et al., 2007). However, the work of (Mendling and Neumann 
2007) and (Mendling, Sánchez-González, et al. 2012) show no significant results for sequentiality 
being a syntactic quality predictor.   
 A common definition of structuredness is:” Structuredness captures the extent to which a 
process model can be built by nesting blocks of matching split and join connectors.” (Jan Mendling, 
Sánchez-González, et al. 2012, p1192). It is expected that if a model consists of nesting blocks, which 
represents structuredness, it will be easier for the modeler to understand the control flow and therefore 
will make less mistakes in modeling. Structuredness is calculated by dividing the number of nodes in 
structured blocks by the total number of nodes. Other structuredness measures used are the degree of 
structuredness and unmatched connector count. Degree of structuredness is calculated by dividing the 
number of nodes of a reduced model by the number of nodes of the original model. The idea of 
unmatched connector count is to count connectors which are improperly used (Laue & Mendling, 
2010). 
 Structuredness is found to have a positive relation with syntactic quality if degree of 
structuredness or unmatched connector count is used(Laue & Mendling, 2010). If the more common 
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structuredness measure is used, this also holds ((Jan Mendling and Neumann 2007), (Mendling 2009), 
(Jan Mendling et al. 2007) and (Mendling, Sánchez-González, et al. 2012)). Besides the relation with 
syntactic quality, also the relation with comprehensibility is examined. That structuredness might be 
important for comprehending is partially supported by (J Mendling, H. Reijers, J. Cardoso, 2007) 
where in 4 out of 12 interviews with process modeling experts was mentioned that structuredness is 
important for process model comprehending. More attempts were made to find a relation between 
structuredness and comprehending, but no significant results were found ((Reijers and Mendling 
2011)  and (Jan Mendling and Strembeck 2008)). Furthermore, in (Dumas et al. 2012) is suggested 
that structuredness can be of importance for comprehensibility, but that structuredness depending on 
the situation might improve or decrease comprehensibility. Structuredness is thought to decrease 
comprehensibility if introducing structuredness increases other factors that influence 
comprehensibility of a model negatively.   
 Nesting depth is the maximum nesting of nodes between splits and joins (Mendling, 
Sánchez-González, et al. 2012). (Reijers and Mendling 2011) hypothesized that a high nesting depth 
would result in a lower comprehensibility, but this could not be proved. Not in that research nor in 
(Mendling et al. 2007). The opposite however could be proved, (Sánchez-gonzález et al. 2010) deliver 
evidence that a high nesting depth results in high comprehensibility. Where comprehensibility is 
measured by correct answers. Nesting depth is also a predictor for syntactic quality. There is evidence 
that nesting depth correlates with soundness (Jan Mendling et al. 2007) and although no threshold 
value could be determined for nesting depth related to soundness in (Mendling, Sánchez-González, et 
al. 2012) there is also evidence that nesting depth predicts soundness of a model (Mendling 2009).  
 Connector mismatch is measured by the sum of split connectors that are not matched by a 
join connector of the same type (Vanderfeesten et al. 2008). Mismatch is thought to decrease 
comprehensibility through confusion about the usage of splits and joins in the model. Connector 
Mismatch is indeed a negative predictor for comprehensibility ((Sánchez-gonzález et al. 2010), 
(Vanderfeesten et al. 2008), (Reijers and Mendling 2011)). However, there is also evidence connector 
mismatch does not correlates with comprehensibility (p=0,15) (J Mendling, Reijers, et al., 2007). 
Furthermore, evidence is found that connector mismatch predicts soundness, the higher the mismatch 
the lower the chance that the model is sound (Jan Mendling, Neumann, et al., 2007). Although that the 
authors correctly note that connector mismatch probably only has a minor influence, it might be that 
mismatch reveal the influence other factors. So, although the evidence so far is not overwhelming, 
connector mismatch will be treated as predictor for syntactic quality.   
 Connector heterogeneity defines the extent to which different types of connectors are used 
in a process model (Mendling, Sánchez-González, et al. 2012). In order to define a metric that 
represents the extent to which different types of connectors are used with a scale ranging from zero to 
one, the information entropy measure should be used. First, the relative frequency (p(l)) of a 
connector type is calculated (1). This is multiplied by (2), three is the base of the log since there are 
three connector types.  The resulting values of the and-, xor- and or-splits are summed and that sum is 
multiplied by -1 in order to get the scale ranging from zero to one resulting in the formula (3). 

(1) p(l) = Connector type l /All connectors, where l∈{and,xor,or}. 

(2) log3(p(l)) 

(3) CH= −∑l∈{and,xor,or} p(l) ・ log3(p(l))  

Heterogeneity is a negative predictor for soundness ((Mendling, Neumann, et al., 2007), 
(Mendling, 2009), (Mendling, Sánchez-González, et al. 2012)). If connector heterogeneity is put in a 
regression model with other independent variables, then heterogeneity appears to have a significant 
negative effect on comprehensibility as well (Reijers and Mendling 2011). However, the model only 
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accounts for about 6% of the variance and heterogeneity on its own has no significant effect on 
comprehensibility. Besides that in other research heterogeneity does not turn out to be a predictor for 
comprehensibility ((Jan Mendling & Strembeck, 2008),(Vanderfeesten et al., 2008),(J Mendling, 
Reijers, et al., 2007)).   
 Control flow complexity is the weighted sum of complexity values of all split gateways. The 
complexity value depends on the number of mental states that have to be taken into account when a 
designer models a process (Jorge Cardoso, 2005). The control flow complexity metric is first of all a 
validated measure for complexity (Jorge Cardoso, 2005),(Cardoso 2006). As expected is there 
evidence that this metric is a negative predictor for pragmatic quality (Laura Sánchez-González, 
García, Ruiz, & Mendling, 2012). Unfortunately there is also research where no significant results 
could be obtained for the control flow complexity metric being a predictor for pragmatic quality ((J 
Mendling, Reijers, et al., 2007), (Reijers and Mendling 2011)). Also an attempt is done in proving that 
the metric is a predictor for syntactic quality, but this did not result in significant results (Jan 
Mendling, Neumann, et al., 2007), (Mendling, Sánchez-González, et al. 2012).   
 Cyclicity represents the ratio of nodes that are part of a cycle in the process model in question 
(Mendling and Neumann 2007). The general thought is that cycles in a model make the model 
difficult to understand and that modelers therefore will make mistakes during modeling resulting in 
unsound models. However, no significant results could be obtained that back this line of reasoning up 
(Sánchez-gonzález et al. 2010). The same holds for the predicting power of cyclicity for syntactic 
quality. Although cyclicity one time showed a marginal correlation with soundness of -0,3 (Jan 
Mendling et al. 2007), it is also tested as a predictor with no significant results ((Mendling and 
Neumann 2007), (Mendling, Sánchez-González, et al. 2012)).   
 The metric token splits gives the number of new tokens that can be introduced by and splits 
and xor splits. Evidence is found for token splits being a predictor of syntactic quality, where a high 
number of token splits indicates a lower chance on soundness (Mendling et al. 2007). However 
similar research is done with no significant results(J Mendling et al. 2007; Mendling, Sánchez-
González, et al. 2012; Reijers and Mendling 2011).   
 Density is the number of arcs in the model divided by the number of arcs that would have 
been there if all nodes would have been interconnected directly (Mendling, Sánchez-González, et al., 
2012). This can be calculated by dividing the number of arcs by the product of the number of nodes 
multiplied by the number of nodes minus one. Density is a negative predictor for soundness 
(Mendling, Sánchez-González, et al. 2012) and for pragmatic quality ((Mendling, Reijers, et al., 
2007), (Vanderfeesten et al., 2008), (Reijers and Mendling 2011)). Although it seems to be certain 
that density predicts quality and that density should be low, the value of density calculated from a 
model might not be directly interpretable. Since the value of density is heavily dependent on the 
number of nodes of a model, it might be that for a small model a density of 0,1 means that the density 
is perfectly fine and for a big model 0,1 might be dangerously high.  
 The Connectivity coefficient is measured by dividing the number of arcs in a model by the 
number of nodes in that model. The connectivity coefficient carries also the name “coefficient of 
network complexity” (Cardoso 2006). The term coefficient of network complexity on its turn is also 
used for a similar but different measure: the square of the number of arcs is then divided by the 
number of nodes in that model (Latva-Koivisto, 2001). The definition of connectivity coefficient will 
be as described at first and the squared version will be called coefficient of network complexity. The 
connectivity coefficient is proven to be a negative predictor for soundness (Jan Mendling, Neumann, 
et al., 2007). For the connectivity coefficient measure there are mixed findings about whether it is a 
comprehensibility predictor or not.  On the one hand there is evidence that the coefficient is a negative 
predictor of comprehensibility (L Sánchez-González & García, 2010) and on the other hand there is 
research with no significant results for the connectivity coefficient being a predictor of 
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comprehensibility (Reijers and Mendling 2011). For the coefficient of network complexity there is 
evidence that the coefficient is no predictor (Latva-Koivisto, 2001). So, there are significant results 
that point out that the coefficient does not predict comprehensibility. It was proved that models with 
as many arcs and nodes as each other might be very different in terms of comprehensibility. This 
proof also applies for the connectivity coefficient in the same way.   
 Average connectivity degree is the sum of the average of the incoming and outgoing arcs of 
the connector nodes in the process model (Mendling, Sánchez-González, et al. 2012). The metric was 
tested on being a soundness predictor, but no significant results could be obtained ((Jan Mendling, 
Neumann, et al., 2007), (Mendling, Sánchez-González, et al. 2012)). For the metric that measures the 
maximum connectivity degree instead of the average similar results were obtained ((Jan Mendling, 
Neumann, et al., 2007), (Mendling, Sánchez-González, et al. 2012)). Average connectivity degree did 
turn out to be a negative predictor for comprehensibility ((Vanderfeesten et al., 2008), (J Mendling, 
Reijers, et al., 2007), (Reijers and Mendling 2011)).   
 The cross connectivity metric is about the clarity of connections between nodes in a process 
model. The general thought is that clear connections between nodes will result in understandable 
models. The cross connectivity metric calculates the strength between al (in)direct pairs of nodes in a 
model and divides that by the number nodes multiplied by the number of nodes minus one 
(Vanderfeesten et al. 2008). This results in a number that represents the strength of all connections, 
with emphasis on the weakest link. Strength is represented by how clear the connection between two 
nodes will be for a model reader. The reasoning for choosing to use a metric based on a weakest link 
method is: “the understanding of a relationship between an element pair can only be as easy, in the 
best case, as the most difficult pair”(Vanderfeesten et al. 2008 p3). Cross connectivity is as expected 
proven to be a negative predictor of comprehensibility (Vanderfeesten et al. 2008), (Reijers and 
Mendling 2011). Furthermore is cross connectivity proven to be a negative  predictor for syntactic 
quality (Vanderfeesten et al. 2008), which is like other predictors for syntactic quality thought to be a 
predictor through comprehensibility but is tested and proven as a direct predictor.  
 Secondary notation and the reasoning about why it has predictive power will be discussed 
more elaborately.   
 Due to limited human capacity it is possible that the cognitive load for understanding a model 
correctly might be too high and therefore mistakes will be made. The cognitive load consists of 
intrinsic and extraneous cognitive load. Intrinsic load is determined by the complexity of information 
and extraneous load is determined by the way information is represented (Kirschner, P.A., 2002). 
Therefore will decreasing the extraneous load result in a decrease of the total cognitive load and will 
in its turn increase the chance of understanding the model correctly. Secondary notation is exactly 
about the way information is represented, so through the above line of reasoning will a good 
secondary notation lead to a higher change of correctly understanding a model. Two levels of 
secondary notation will be discussed, secondary notation of the whole model and secondary notation 
on an object level.   
 First, secondary notation of the whole model will be discussed.  (H. a. Reijers, Freytag, et al., 
2011) Describes secondary notation as visual cues in a model. They state that visual cues help to 
identify the decomposition of the process model into components, which would help in obtaining the 
needed information from that model for a certain task. Another advantage would be that if color is 
used as visual cue is that secondary notation can be interpreted faster. The authors found that, for 
novices in process modeling, making use of color by highlighting start and end points of sub-
processes leads to a higher understanding of the process model.   
 The advantages of visual cues are broader than only those for color. Perceptual 
discriminability, which is defined as “the ease and accuracy with which graphical symbols can be 
differentiated from each other” (D. L. Moody, 2009), in general increases understandability (Figl et 
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al., 2013). Besides that, if a certain item in a model is perceptually unique the perceptual 
discriminability is higher and leads to a better understanding of the model. If an item in a model is 
perceptually unique it “pops out” (Figl et al., 2013). Furthermore, if items differ in only one 
dimension (e.g. different in shape, but not in size or color) they can be detected most easily (A. 
Treisman, 1980).   
 Another part of secondary notation that has influence on pragmatic quality is the way the 
nodes and arcs are sorted. The model should be created in such a way that there are the least as 
possible crossing arcs (Purchase, 1997). The less crossing arcs, the easier it is to follow the lines in the 
process and the easier it will be to understand the process correctly. The domain of graph theory is 
since the eighties convinced that crossing arcs in a graph are a bad thing, it would reduce the quality 
of a graph (Laguna, Martí, & Valls, 1997). For graphs there even are multiple automated tools that 
transform a certain graph into a with respect to content the same graph but now with the least possible 
crossing arcs in order to avoid unnecessary crossing arcs. (Moody 2009) translated this to different 
types of models. Where basically is worked under the assumption that the less crossing arcs the easier 
it is to follow the lines in the process and the easier it will be to understand the process correctly. 
(Effinger, Jogsch, & Seiz, 2011) found that also for business process models it holds that crossing arcs 
should be avoided.    
 Secondary notation on an object level is about how information is represented in an object, it 
is about which words are chosen to describe what happens in that object. First of all it is important 
keep descriptions short, the less text used the better (Jan Mendling & Strembeck, 2008).  
 There are different styles of labeling the objects (e.g. verb-object labels and action-noun 
labels). If verb-object labeling is used, a label is given by a verb followed by an object (e.g. approve 
order, verify invoice). This style is thought to be intuitively understandable and if applied consistently 
it is the best style to use ((J. Mendling, Reijers, & van der Aalst, 2010); (J. Mendling, Reijers, & 
Recker, 2010)).   
 The factors that represent a good secondary notation do not fit in the metric-predicts-metric 
structure of the framework. However, these factors will be incorporated into the framework albeit not 
as metrics. They will be incorporated with the purpose to give directly insight in how the secondary 
notation can be improved. 

2.2.4 Quality concepts as predictors 
The last step of constructing the framework will be devoted to pointing out the relations 

between the three quality concepts.   
 One thought is that in order to be able to comprehend a process model, a prerequisite is that 
the model is complete and valid and that a model can only have semantic quality if the model is 
syntactically correct (Jan Mendling, Strembeck, et al., 2012). Another line of reasoning is that 
pragmatic quality influences semantic quality, that if the pragmatic quality is increased the perceived 
semantic quality as a result is also likely to increase (DL Moody & Sindre, 2003). Furthermore, 
syntactic quality is also thought to influence pragmatic quality with the reasoning that a model with 
incorrect use of grammar will in general be harder to understand ((DL Moody & Sindre, 2003);(Jan 
Mendling, Neumann, et al., 2007)). Although these claims are interesting and there might be even 
more relations than stated, for example a predicting relation from pragmatic quality to syntactic 
quality which is assumed by much of the error probability research, there is no empirical evidence 
gathered to support those claims. Therefore these claims will not be incorporated into the framework. 
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2.3 Quality framework 
This chapter is concluded by presenting the gathered information in the framework, which is shown in 
figure 4. The different colors in the framework represent the different quality concepts, this holds as 
well for the quality metrics as the predictors. For example, a blue predictor represents a syntactical 
quality predictor. There are also purple predictors and as you might remember from elementary 
school: mixing blue and red results in purple. The purple predictors represent predictors for both 
syntactic quality and pragmatic quality. Besides the use of different colors, also multiple type of arrow 
lines are used. A bold line represents evidence for that relation that has at least three sources and no 
sources with other conclusions. The normal lines represent evidence from one or two sources with 
very minor or no leads to conclude otherwise. The dotted lines represent evidence that has as much or 
even more sources that would not draw the relation than evidence in favor of the relation. 
 As can be seen are there four types of size tested, which are all represented by the count of 
certain constructs in the created process model. The number of nodes is present in all four tests. 
Therefore can be concluded with confidence that size, measured by the number of nodes, is a negative 
predictor of soundness.  
 The measures for complexity show 4 bold lines, which means that there are only four model 
characteristics about complexity that are multiple times tested on whether they predict a certain type 
of quality and also prevailed in those tests. Connector heterogeneity and Structuredness are such 
predictors for soundness. Density and Average connector degree are the proven to be predictors of 
correct answers. All other model characteristics have less and or contradicting evidence in predicting 
quality. 
 A group of model characteristics about complexity which have on their not enough evidence 
to obtain a bold line are thought to be as a group an interesting and promising area. The characteristics 
highlighting, crossing arcs, perceptual discrimination, amount of text in nodes and labeling style are 
all about the secondary notation of the model. These characteristics are not about whether certain 
constructs are used, or their relative frequency, but about how they are placed or presented. Together, 
the supporting literature of these characteristics are thought to be a strong argument for that secondary 
notation characteristics are predicting pragmatic quality. 



18 
 

 

Figure 4 Business process model quality framework 
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3 Discussion Part 1 
Starting with a conceptual framework and 67 pieces of research the state of the art is created 

of measuring and predicting the quality of process models. This state of the art has answered the two 
sub-questions about what business process model quality is and whether there are model 
characteristics that predict quality. Furthermore is thought that the framework opens up room for more 
progress in the field of business process modeling research, by creating more clarity. However, there 
are also some limitations that concern the framework. The contributions, limitations and other 
interesting points of discussion will be discussed consequetively 

 The first sub-question was about what business process model quality means. To answer that 
question three categories of business process model quality are incorporated in the state of the art, 
which are measured in several ways. The categories syntactic quality, semantic quality and pragmatic 
quality together are thought to be a good basis of the overall concept of business process model 
quality. It captures whether a process model is correct in terms of the used grammar, whether the 
model corresponds with reality and whether the model can be understood.  
  The second sub-question is answered by presenting the relations between model 
characteristics and the types of quality including the confidence about these relations. It turned out 
that for several predictors confidently can be concluded that they predict process model quality. Those 
model characteristics are: size, connector heterogeneity, structuredness, density, average connector 
degree and secondary notation characteristics as a whole.  

  This first part of the thesis is thought to lead to clarification as well for the research domain as 
for a practitioner who wants to measure process model quality. Before this work, it could be very well 
possible that one couldn’t see the wood for the trees. Especially the process model quality framework 
should help in making an end to that problem. Besides that, more clarity is gained by an attempt of 
introducing a logical and consistent use of terminology by having discussed similarities and 
differences in current terminology and choosing the best terms to use for every situation. Therefore 
this state of the art could help establishing the paradigm of process model quality. Consistent use of 
terminology and an overview of research so far creates the opportunity for researchers in the process 
model domain to book more progression. This is possible because if researchers adopt the same 
paradigm, it will be like all researchers in that paradigm will work as one combined force in exploring 
the measures and predictors of process model quality instead of that a group of individuals tries to 
accomplish such a thing without help from other work.   

 Although this first part of the thesis is thought to be useful, this work has its limitations. First 
of all, because of the search for literature, it can not be fully guaranteed that this state of the art is 
100% complete. An indication that this works represents the complete state of the art is that if one 
article is removed on which snowballing is applied, then still could virtually all statements still be 
made due to the redundancy in finding papers. Almost every found paper based on snowballing has a 
link with at least two papers from the starting set. However, this also could be an indication that the 
starting set leads only to a complete subset of the domain of process model quality and that there 
might be more of such subsets which we do not know of. This is not thought to be very likely, since 
the articles found cover work in this area from the very start of process modeling until now and is 
created by quite a number of different authors from all over the world. Another indication that the 
presented framework represents the complete state of the art is that an experimental literature search 
based on key words is performed as well, this search did not lead to any new findings. The used key 
words can be found in Appendix B.  
 Another point for improvement might be the very basis of the framework, the three concepts 
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of quality that are used. It can be argued that these three concepts together cover all the ground of 
process model quality. Modifiability for one, is thought to be important for process model quality ( 
e.g. (Rolon et al., 2009), (Laura Sánchez-González et al., 2012)) and does not fit into one of the 
concepts defined so far. Modifiability is especially important in a fast changing environment which 
can be found almost everywhere these days. A process model that is comprehensible, technically 
correct, matches perfectly with reality (so, scores high on all quality concepts incorporated in the 
framework) but adapting it to the changing environment is nearly impossible then the process model 
will render useless in only a matter of time. This does most certainly not main that the obtained is 
useless as well, but it would be valuable to consider adding modifiability as a quality concept next to 
syntactic, semantic and pragmatic quality.   

 One might think that there is more about the quality concepts that is not thought through 
entirely. For pragmatic quality, there is a part of the definition between brackets with might seem a bit 
careless. However, there is a reason for using those brackets. The reason is that with or without the 
word easily the definition is pushed in a certain way of measuring that type of quality and matching 
interpretation. If the word easily would not have been used, it would be that pragmatic quality only 
would be about whether a model reader comprehends the model. Then the measure “correct answers” 
would suffice. However, it might also be important whether the person could comprehend the model 
easily. If the word easily would have been added into the definition without brackets it would suffice 
to only measure how easily the process model can be comprehended, which would mean that the 
“time needed to comprehend” could be the only measure. Or maybe in combination with “perceived 
ease of comprehending”, which is a less scientific way of testing. Although “correct answers” is 
clearly the dominant way of measuring at the moment, it would not be a good thing to exclude the 
ease of comprehending already. Since this might be an important part of pragmatic quality as well, in 
practice it could become very costly if no attention would be paid to the ease of comprehending. 
Furthermore it might even be that the correctness of comprehending and the speed of comprehending 
might be two constraints and that with different model characteristics you can optimize one with a 
reduction for the other as a consequence, where the true optimum would depend on the purpose and 
use of the model. This is of course just a thought with no evidence to support it, which is all the more 
reason to not discard “time needed to comprehend”. Therefore, easily is used between brackets, so 
that both correctness of comprehending and easy of comprehending match the definition and no side 
is chosen (yet).  
 The paragraph above is also the line of reasoning for still putting in the pragmatic quality 
measures in the framework while they have no relations with predictors. Furthermore, in a review 
paper about conceptual model quality, it turns out that the quality metrics “time needed to 
comprehend” and “perceived ease of comprehending” are also established measures for model quality 
(Houy, Fettke, & Loos, 2012). That research shows that also for conceptual model quality, “correct 
answers” is the dominant way of measuring, but the ones about ease of understanding are also 
accepted measures. This also indicates that this form of pragmatic quality could be suited for process 
model quality.  
 Another remark about the quality concepts is about semantic quality. There are no predictors 
or metrics determined so far for this type of quality. This is probably not because semantic quality 
would be not important enough to investigate, the probable reason is just that it is a hard thing to do. It 
is difficult because in order to determine semantic quality, information is needed that is not available 
in the model nor in the used grammar. Domain knowledge is needed in order to determine whether 
statements made in the process model are valid and complete. Since domain knowledge, before it is 
modeled is only stored in the human brain if it is truly known at all, it can not be recovered passively 
and it would be very hard to determine at what moment the full relevant reality is captured.   
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 The last subject of discussion concerning the quality concepts only is the way they might 
interact with each other. As explained are semantic quality and pragmatic quality thought to be 
predictors of each other. Although one normally would prefer a causal relation only in one direction 
and not either way, in this specific situation of process models it is thought to be no problem. Creating 
a process model, especially if multiple people are involved, is an iterative process and if creating was 
not a iterative process then at least the adapting to a changing environment will be iterative. 
Iterativeness will create situations where it is possible to put effort in pragmatic quality that will lead 
to an increase in semantic quality one time and the other time put effort in increasing semantic quality 
through another mechanism, which can lead to higher pragmatic quality. 

 What just happened in previous paragraph was a dangerous thing, which unfortunately is also 
common in the field at the moment. For convenience, the point of view was changed to the point of 
view of the modeler of a process model, while in general there is no point of view or the point of view 
of a model reader. This changing of point of views, especially between model reader and modeler, 
could possible lead to incorrect conclusions. If an experiment uses the point of view of a model reader 
and the explanation will be done as if the point of view was a modeler, it is trivial to explain why this 
could lead to faulty conclusions. This potential problem concerns mainly pragmatic quality, since 
there it can not be avoided to choose a point of view. Since either the comprehensibility of a modeler, 
model reader or both is to be measured. At least until it is proven that the point of view is irrelevant, 
meaning that conclusions that can be drawn for modelers also hold for model readers and vice versa, 
if provable at all, it should be clearly stated which point of view is chosen and this should be 
consistent throughout the whole paper.    
 The most interesting part of the discussion from our point of view is about the contradictory 
results of the predicting relations. A reason for those not matching results could be that the regression 
models used to test the predictive power contained different variables accompanied with the 
predictors that are discussed. It might very well be the case that predictors are not independent from 
each other, have moderating or even have mediating effects on each other, which would result in 
different conclusions for a specific predictor per set of variables. Although this work shows for the 
complexity metric evidence per predictor in order to be able to provide a clear overview, the complete 
models those predictors are tested in are of vital importance. Almost all research with not matching 
results about a predictor have different variables in their predicting models.  This might seem a strong 
indication, but on its own it is not. Since almost all papers will have different predicting models, 
otherwise one would just copy or check previous research. It still will be interesting to investigate 
differences between predicting models and their conclusions.  

In short, the framework is thought to present a good state of the art of process model quality 
and its predictors. And it reveals ample opportunities for follow up research: decide whether 
modifiability should be incorporated and if it should how it has to be implemented; adding other types 
of predictors than model metrics; but most of all to find the real predictors of process model quality. 
The second part of this thesis will continue the journey of finding the predictors of business process 
model quality by investigating two predictors that contain contradictory evidence. Investigating those 
thought to be predictors could rule out those predictors as being a predictor or could gain substantial 
evidence on being a true predictor.  
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Part 2 - Analyzing weak predictors 
 

The first part of the project has shown an overview of the current findings on metrics and 
predictors of business process model quality. The framework shows numerous model characteristics 
in need for further investigation. Since this project is only a graduation project, it is not feasible to 
investigate all those characteristics. Decisions have to be made on which relations are going to be 
investigated in this project. First will be motivated why soundness is chosen, followed by a motivation 
for separability and sequentiality. 

Motivation soundness   
 Soundness is one of the two dominant quality metrics in the covered literature, which makes it 
an interesting metric to investigate it further. Furthermore a pragmatic reason led to the decision to 
investigate soundness. Datasets could be made available with the quality metric soundness, such rich 
set of data could not be obtained for the other dominant quality metric within the available time with 
available resources.   
 In creating the framework, all types of soundness where aggregated in just one term for 
soundness. This decision was made because for the purpose of the framework the different forms of 
soundness could be regarded as one. At this point a decision has to be made on which type of 
soundness is going to be used, since soundness has to have an operationalization to be measured. The 
soundness that can be used depends on the type of the process model and since the datasets contain 
BPMN models, which will be discussed later on, BPMN-soundness will be used. In (Dijkman, 
Dumas, & Ouyang, 2008) a method is created to transform BPMN models into petri nets so that 
classical soundness can be assessed. This method will be used to assess the soundness of the model 
and will be called soundness. 

Motivation separability and sequentiality  
 Out of the predictors separability and sequentiality are chosen to be investigated for two 
reasons. First, there is the most to gain in terms of updating the framework, because separability and 
sequentiality are predictors in the category of having the most doubt surrounding them3. That these 
metrics are doubted the most means that the most knowledge can be gained by improving clarity 
about their predicting power. Either separability and sequenatiality gain substantial proof of being a 
predictor of quality or are ruled out as being predictors. In both ways, more information is obtained 
about the true predictors of quality.   
 The second and most important reason for choosing separability and sequentiality is that the 
rationales behind the measures separability and sequentiality are thought to be so strong that another 
close look in the predicting relation between separability and soundness and sequentiality and 
soundness is thought to be granted. The general rationale is that the measures for separability and 
sequentiality should capture the extent to which certain parts of a model can be considered in isolation 
(Mendling, 2008). Where the possibility of considering parts in isolation should lead to reducing the 
chance that a syntactical error is made. In (Mendling, 2008) this general rationale is translated to 
specific rationales for separability and sequentiality, which are the rationales of why separability and 
sequentiality are introduced as metrics. The core of those rationales for separability and sequentiality 
in (Mendling, 2008) is that the more a model is similar to a pure sequential model the lower the 
chance that it contains a syntactical error. In this thesis this line of reasoning is adopted since the 
simple idea that models that look like pure sequential models are less likely to contain errors is 

                                                   
3 The group with contradicting evidence, represented in the framework by dotted lines. 
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experienced as a very intuitive one: pure sequences are just arcs and nodes followed by one another 
without any other potentially more complicated constructs or pathways, we therefore think that 
sequential models have less chance to contain syntactical errors.   
 The decision to investigate separability and sequentiality in this project means that they will 
be investigated on whether they are real predictors and whether there are moderating or mediating 
factors that affect the predicting relation. Besides that, their specific and general rationales will be 
inspected on whether the metrics for separability and sequentiality really match the rationales. First, in 
this way more knowledge will be obtained about the predictors of soundness. Besides that, based on 
this knowledge, information will be obtained about why and in what way soundness is influenced. In 
this way answers will be obtained for the two sub-questions posed for Part 2. The questions will be 
taken apart into multiple sub-hypotheses, which will discussed in chapter four. In those hypotheses In 
chapter five will be discussed how the data is obtained and preparatory analyses will be performed in 
order analyze the hypotheses in chapter six. Part 2 will be concluded with a discussion following from 
the analyses, which will be presented in chapter seven.  

4 Hypotheses 
 The scope for the second part has been set and motivated. The next step is to determine what 
exactly is going to be researched. In order to do that, the two sub-questions of Part 2 will be 
transformed into hypotheses. For those hypotheses the expected direction of the predicting relation 
will be added, since based on theory a certain direction is to be expected. Those hypotheses will be 
broken down into sub-hypotheses, which all will contribute to the insight whether separability or 
sequentiality predicts and whether the predictive power depends on or stems from another model 
characteristic. The model characteristics connector heterogeneity (CH), density (Δ), connectivity 
coefficient (CNC) and crossing arcs will be taken into account, since for those characteristics is 
reason to believe they might interfere with separability and sequentiality. The sub-hypotheses together 
will be used to accept or reject the main hypotheses, which in their turn will contribute in answering 
the main question of this thesis whether model characteristics are a good place to search for business 
process model quality predictors. The main hypotheses are: 

Hypothesis 1: Separability is a positive predictor of soundness. 

Hypothesis 2: Sequentiality is a positive predictor of soundness. 

The first test will be whether separability and sequentiality relate to quality individually. 
Therefore the first sub-hypotheses are: 

Hypothesis 1a: Separability relates positively with soundness if it is the only factor taken into 
account. 

Hypothesis 2a: Sequentiality relates positively with soundness if it is the only factor taken into 
account. 

Hypotheses 1a and 2a will provide a first insight into the predicting capacity of separability and 
sequentiality. However, there might be factors that might boost or reduce the power of these factors. 
CH might be a boosting factor. Separability and sequentiality do not take the type of connectors into 
account, CH does. This might have as a consequence that CH explains another part of the variance of 
process model quality as do separability and sequentiality. Therefore might CH with separability or 
sequentiality be a good combination for predicting quality. Especially CH combined with 
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sequentiality might be good since sequentiality uses more information from the process model than 
separability still without using information about the type of the connectors. Therefore will be tested 
whether the predicting power of the model increases if separability or sequentiality is added to the 
model that already includes CH. This will be tested through the following hypotheses: 

Hypothesis 1b: The predictive power of separability will surface through combining the predictor 
with CH in the same model. 

Hypothesis 1b2: The predictive power of sequentiality will surface through combining the 
predictor with CH in the same model. 

On the other hand Δ and CNC might statistically4 diminish the predictive power of sequentiality 
and separability. Δ and CNC base their prediction like sequentiality on the arcs in the model and 
although separability measures certain type of nodes, it relates to the number of arcs (the ratio 
between arcs and nodes will be higher for a model with a low separability than for a model with a 
high separability). Therefore it might be that if the ratio between arcs and nodes indeed is a 
determinant for quality that Δ and CNC capture this predictive power better than separability or 
sequentiality and thereby take away predictive power of separability or sequentiality. In (Mendling, 
Neumann 2007) Δ and CNC are not taken into account and separability is found to be a significant 
predictor of soundness. In (Mendling, gonzalez et al. 2012) Δ and CNC are taken into account and 
separability is not found to be a significant predictor of soundness. In (Mendling, Neuman, Aalst 
2007) is found that is sequentiality is considered in isolation with soundness that they relate to each 
other, but is Δ and CNC are taken into account that no longer a relation can be found. These findings 
support the possibility that Δ and CNC are underlying predictors of separability and sequentiality. So, 
after the explanation that separability and sequentiality might conflict with the measures Δ and CNC 
the following hypotheses are constructed: 

Hypothesis 1c: Δ suppresses the statistical predictive power of separability. 

 Hypothesis 1d: CNC suppresses the statistical predictive power of separability. 

Hypothesis 2c: Δ suppresses the statistical predictive power of sequentiality. 

Hypothesis 2d: CNC suppresses the statistical predictive power of sequentiality. 

The last factor that might influence the predictive power of separability and sequentiability that 
will be put under investigation is crossing arcs. Since crossing arcs in a model in general and also for 
business process models is a bad thing it could be that crossing arcs is an underlying factor that leads 
to that separability and sequentiality appear to predict quality where they actually do not, but only 
reflect the predictive power of crossing arcs. This is possible since with a low separability or 
sequentiality there is more room for crossing arcs than in a model with high separability or 
sequentiality. High sequentiality and separability both simply inhibit the option to get a situation whit 
crossing arcs since most crossing arcs in business process modeling are caused by multiple 
connections between nodes early and later in the process; for example: a simple pure sequential 
process model is very unlikely to contain crossing arcs. In order to investigate whether the factor 
crossing arcs inhibits the predictive power of separability and sequentiality the following hypotheses 
are constructed: 
                                                   
4 The notion statistically is added because the real predictive power of a certain construct does not change. In a 
regression model it can change, it can appear higher or lower than it actually is through dependency with other 
variables that either is or is not taken into account. 



25 
 

Hypothesis 1e: Crossing arcs suppresses the statistical predictive power of separability. 

Hypothesis 2e: Crossing arcs suppresses the statistical predictive power of sequentiality. 

 An overview of the hypotheses is shown in Appendix C. 

5 Data collection and preparation 
First the type of research has to be determined. According to (van Aken, Berends and van der 

Bij 2007) there are two research methods: qualitative and quantitative. Where quantitative is preferred 
above qualitative if quantitative is reasonably possible. Since the big majority of the research done in 
the domain of business process model quality is done quantitatively and that all the factors of interest 
have formulas that can be wielded quantitatively, this project will also be performed quantitatively. 
 There are multiple methodologies for quantitative research. The one that is best suited for this 
project depends on the type of variables used. First the type of outcome variable is important in 
choosing the methodology. The outcome variable is syntactic quality which is a binary variable, or a 
dichotomous variable in the world of statistics, which is a special form of a categorical variable. 
Therefore the most used methodologies multiple regression and ANOVA can not be used. The 
independent variables are continuous and for the first hypotheses that will be tested there will be only 
one independent variable. This leaves the following methodologies to use: (point-)biserial correlation 
and logistic regression. However the other hypotheses will have two or more independent variables 
which leaves only logistic regression as available methodology (Field, 2005).   
 Logistic regression is basically multiple regression but with an outcome variable that is 
dichotomous instead of a metrical one. With as result some differences in calculation and 
interpretation. In multiple regression the value of a dependent variable is predicted from a group of 
predictor variables. In logistic regression not the value of the dependent variable is predicted, but the 
probability that the dependent variable occurs given the values of the set of predictors. Applied to this 
project: the probability that the model is sound given the values of separability or sequentiality and 
possibly other variables.  Where resulting values close to zero should be interpreted as that it is very 
unlikely that the model will be sound and values near one should be interpreted as that the model is 
very likely to be sound. The reason that for dichotomous variables multiple regression can not be used 
is that relationships between variables should be linear for this methodology. Logistic regression 
works his way around this problem by expressing the multiple linear regression equation in 
logarithmic terms and thereby overcoming the problem of violating linearity. The prediction of the 
parameters is mainly analogous with multiple regression since a form of maximum-likelihood 
estimation is used: log-likelihood.  
 Now the type of research is determined can be decided what kind of information is needed to 
be able to perform the analyses. Quantitative data is required for the variables: soundness, 
separability, sequentiality, CH, Δ, CNC and crossing arcs. In the next section is discussed how this 
information is obtained. In section 5.2 the data will be prepared for the analyses of the hypotheses. 

5.1 Data  
 The data that is used for this empirical research was already gathered for previous research 
(e.g. (Claes et al., n.d.)). This data was obtained by deploying three similar experiments in order to 
study modeling behavior. The experiments will be discussed in this section, an overview of these and 
more experiments can be found on http://bpm.q-e.at/. The same three experiments as are used in this 
thesis were used in the work of (Claes et al., n.d.), that work is used to obtain information about the 
settings of the experiments. Therefore will the description in this section be similar to the description 
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in the work of (Claes et al., n.d.). Three experiments were performed at in total 131 participants, 
including novice and expert modelers. All participants modeled two process models resulting in 262 
data points. The experiments were conducted in two consecutive years; 2010 and 2011. In every 
experiment the participants had to model two cases. In Appendix D a case description is presented, 
along with a process model for the case that had to be modeled. Besides that, example calculations 
will be presented for separability, sequentiality, CH, Δ, CNC and crossing arcs.  
 In the remainder of this subsection, the modeling tasks that the participants had to perform 
will be described, followed by a description of which tool the participants used and a description of 
the experiment sessions.  

5.1.1 Modeling tasks 
 Based on an informal textual description of a process, the participants had to create a 
graphical process model making use of the CEP editor. In this manner, all subjects had the same 
starting point, which offers control in environmental variability and scope of the process models. All 
participants worked under the same conditions and no specific instructions were given to the 
participants. 
 The first description of a process was the same for all participants and was a simplified 
version of the process of preparing the take-off of an aircraft, which will be referred to as the pre-
flight (PF) case. The second description the participants had to model in 2011 was different from the 
second description participants got in 2010. The description for the participants in 2010 was about the 
process followed by a scouting department of a National Football League (NFL). This description was 
in 2011 replaced by a description of a process about the handling of a mortgage request by a bank 
(M). The reason for this replacement was because of the thought that the NFL case would not be 
challenging enough. 

5.1.2 Modeling tool 
 The participants had to create their models making use of a subset of the BPMN constructs in 
CEP5. They were presented with only a subset of the BPMN constructs to mitigate the risk that 
modelers would be influenced by complicated tools or notations. CEP only includes the constructs: 
AND- and XOR-gateways, start and end events, activities and sequence flows. The essence of how 
process models are created could still be captured at the hand of those constructs. 

5.1.3 Experiment sessions 
 Each session will be described separately. 

Session 1 – 103 students in Eindhoven  
 The first session was conducted in 2010 in Eindhoven at the university. The participants were 
all graduate students following the course Business Process Management lectured in University of 
Technology in Eindhoven. The students were students from three different educational programs: 
Operations Management and Logistics, Innovation management, and Business Information Systems. 
Most of them had limited process modeling experience as they followed a course on Petri Nets and 
workflow nets before, but none of them was familiar with BPMN. All participants used their own 
notebook computers on which they installed the CEP software. Before the subjects got their modeling 
tasks to model the PF-case and the NFL-case, they were presented with a modeling tool tutorial, 
which explained the basic features of CEP. The experiment was conducted during class and was 
closely monitored, in this way the risk of external distractions that might otherwise have affected the 

                                                   
5 For download and information on CEP we refer to http://www.cheetahplatform.org 
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modeling process was mitigated. Furthermore, there were no time restrictions imposed on the 
students. 

Session 2 – 14 students in Berlin  
 The second modeling session was held in Berlin in December 2010. The participants were 
post-graduate students at Humboldt University of Berlin following the course on business process 
management. The experiment was part of a lecture on this course. All post-graduate students already 
had followed a course on process modeling. Also this session started with the modeling tool tutorial 
and the students were monitored closely to avoid distractions. A difference was that the modeling 
session was restricted to the time of the lecture. 

 Session 3 – 14 experts in Eindhoven  
 The last session was like the first session performed in Eindhoven. Only in this case the 
experiment was not performed on students, but on BPM professionals who had three to ten years of 
experience in process modeling. They gained that experience as consultant, business analyst or 
process advisor. Another difference is that the majority indicated to be familiar with the BPMN 
language. The setup of this session remained the same, with the exceptions that the second task was 
the M-case instead of the NFL-case and that their computers all had the same system specifications. 
Like in the other session in Eindhoven were there no time constrictions.  
 A visual presentation of the gathered sets of process models from the three sessions is shown 
in figure 5. Those six sets are combined into one set that will be analyzed in a whole. 

 

Figure 5 Overview of datasets 

5.2 Preparatory analyses 
Before the analyses of the hypotheses can be deployed, some preparatory analyses need to be 

performed. The created process models have to be checked on outliers, descriptive statistics will be 
provided for the model characteristics of interest, a search for control variables needs to be done and 
CH, density, CNC and crossing arcs need to be checked on whether they also are predictors in this 
dataset, like they did in previous studies.  

5.2.1 Outliers 
 All created process models are inspected by hand on being out of the ordinary. Some models 
had arrows directed through the top left of the screen, since there was no likely reason for doing so 
and that there were more process models with this phenomenon, the conclusion is something that 
went wrong during the extraction of the models. Therefore, those models are deleted from the 
datasets.  
 Another group of process models was also deleted. There was a group of processes where 
connector nodes were forgotten or deliberately not used. Regardless of the reason why the lack of use 
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of connectors, this lack artificially increases sequentiality. This because, if there are no connectors in 
the model, sequentiality will be as high as one by definition. This will be treated as a limitation of 
sequentiality. Models without connectors are removed from the dataset in order to be able to test 
whether sequentiality is able to predict if the modeler did use connector nodes.  
 There is an option to delete data based on statistical analyses like residual analyses. Data that 
turns out to be exceptional and therefore influential to the results, could be deleted in order obtain 
better fitting results. These residual analyses will be deployed, but mostly for the reason to see how 
well the model fits the data. If however there are substantial outliers, the process models belonging to 
those data points will be inspected. If it turns out that there can be found good reason for why these 
process models are exceptional and that a reason can be found of why they should not be included in 
the analyses then these process models will be deleted. Next, all process models will be inspected 
another time to delete all other models with the same characteristic as the deleted models. All analyses 
will then be redone in order to maintain comparability between analyses. However, deleting points of 
data based on statistical analyses will be handled with extreme caution, because one of the most 
important goals in these analyses is generalization. If one is deleting points of data in order to obtain a 
better fitting model it might be a better model for that specific set of data, but generalizability is likely 
to decrease if there is no good theoretical reason for deleting the data. 

5.2.2 Descriptive statistics 
 Now the outliers are removed, some descriptive statistics are provided in order create a first 

insight in the metrics of interest. Before the descriptive statistics are provided, the values of the 
independent variables are rescaled in order to be able to perform interpretatble tests on statistic 
models to come6. The independent variables are multiplied by 100. After rescaling the values, all the 
predictors except for crossing arcs should be interpreted as percentages. For example: from the mean 
of separability can be obtained that on average 44,279% of the nodes are cut-vertices in a process 
model. Crossing arcs should for interpretation be divided by 100 again and then the values represent 
number of crossing arcs in the model (i.e. there are 0,13 crossing arcs in a process model on average, 
meaning that most of the process models do not contain any crossing arcs). The most important 
number to notice is the relatively low standard deviation of CNC. The low standard deviation means 
that the value for CNC will be more or less the same for the majority of the created business process 
models, which could hinder the predictive power of CNC itself. However, this is not necessarily the 
case especially since from the mean of soundness can be obtained that most of the models are sound. 
This enables the option that CNC is pretty much the same for the sound models and consequently 
higher or lower for unsound models.   

 

 

 

 

 

5.2.3 Control variables 
 By combining the datasets, a quasi-experimental setting is obtained. This because, for the 
resulting dataset one can not say that participants are randomly assigned to a condition. Therefore 

                                                   
6 Independent variables with a scale ranging from 0-1 would be statistically problematic for logistic regression. 

 Minimum Maximum Mean Standard deviation 
Soundness 0 1 0,780 0,174 
Separability 5,880 72,220 44,279 16,636 
Sequentiality 5,000 61,540 17,519 8,285 
CH 0,000 100,000 79,791 16,757 
Δ 2,390 12,730 6,408 1,860 
CNC 109,090 133,330 117,369 4,590 
Crossing arcs 0 300 13,333 49,099 

Table 2 Descriptive statistics of dependent and independent variables 
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there is a chance for extra control variables7 to arise. If participants are randomly assigned, it is 
thought to be a fair assumption that differences between participants will even out. This assumption 
can no longer be made if there are known differences between groups because of the way of assigning 
those groups. Those differences potentially influence the results, while those differences are not the 
subject of interest. Those potential hazards will be identified and they will be analyzed on influencing 
the results.  
 The first difference identified is the difference in cases that the participants have to model. 
First the participants had to create a model about a preflight process, followed by the task to model 
another model. In general this means that there needs to be checked for a carry-over effect, meaning 
that the performance of the second assignment depends on the performance of the first assignment. In 
this specific case it is thought that the difference in the cases have a bigger chance to influence the 
results than the carry over effect. To control for this, one variable for each type of case will be 
introduced: NFL, PF and M.  
 Another difference is that for two datasets the participants are experts and for the other sets 
the participants are students. The second control variable represents whether a participant is a student 
or an expert. This variable will be referred to as expertise. The third control variable is about the 
geographical differences. Four sets are deducted on participants working or studying in Eindhoven 
and two sets on participants studying in Berlin. This variable will be referred to as location.  
 The fourth and last identified control variable based on the differences between the datasets 
that together form the complete dataset that is used in this thesis, is very alike to the previous variable. 
The difference in education of the students in Eindhoven and Berlin is also thought to influence the 
results. The reason that for this another control variable is created is that for this dummy the experts 
will be excluded, since it is not known what kind of education they received. So this variable will 
from a pragmatic point of view be the same as the geographical variable, without the experts. To test 
this variable, the dataset will be filtered so that all data points represent models created by students. 
This variable will be referred to as education. In Table 3 the correlations between the control variables 
and soundness are shown. The correlation coefficient can range from -1 to 1,-1 indicates a strong 
negative relation and 1 a strong positive relation. The significance value needs to be lower than 0,05. 

  Soundness NFL PF M Expertise Location Education 
Soundness Pearson Corr. 1 0,096 -,100 0,012 0,098 -0,058 -0,049 

Sign. 2-tailed  0,153 0,136 0,836 0,143 0,389 0,491 
N 225 225 225 225 225 225 204 

NFL Pearson Corr. 0,096 1 -,915 -,195 -0,290 0,064 0,034 
Sign. 2-tailed 0,153  0,000 0,003 0,000 0,336 0,629 
N 225 225 225 225 225 225 204 

PF Pearson Corr. -0,100 -,915 1 -,219 0,011 -0,033 -0,034 
Sign. 2-tailed 0,136 0,000  0,001 0,870 0,618 0,629 
N 225 225 225 225 225 225 204 

M Pearson Corr. 0,012 -,195 -,219 1 0,672 -0,075  
Sign. 2-tailed 0,836 0,003 0,001  0,000 0,266  
N 225 225 225 225 225 225  

Expertise Pearson Corr. 0,098 -,290 0,011 0,672 1 -0,111  
Sign. 2-tailed 0,143 0,000 0,870 0,000  0,097  
N 225 225 225 225 225 225  

Location Pearson Corr. -0,058 0,064 -,033 -,075 -0,111 1 1,000 
Sign. 2-tailed 0,389 0,336 0,618 0,266 0,097  0,000 
N 225 225 225 225 225 225 204 

Table 3 Correlation table between soundness and the control variables 

                                                   
7 A control variable is a variable (not necessarily measured by the researcher) that is not one of the predictor 
variables of interest but might affect the outcome variable. 
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The most interesting correlation coefficients are the correlations regarding soundness. None 
of the correlations with soundness are have a significance value lower than 0,05, which means that no 
correlation is significant. Besides that, the pearson correlation coefficients are regarding soundness 
are all close to 0. That there is no significance and that the coefficients are close to 0 means that can 
be concluded that the chance on being sound does not relate with the type of case, the expertise of the 
modeler, the location or the type of education. The correlations between the different types of cases 
are determined in the creation of those variables. If NFL has as value 1 then PF and M are determined 
to have a value of 0, if PF is 1 then NFL and M are 0 and if M is 1 then NFL and PF are 0. 
Furthermore, the correlation between the type of cases and the other control variables, just indicate 
how often a certain type of case was assigned in a certain condition. The correlation between 
education and location is 1 since all students from the university in either Eindhoven or Berlin, live in 
the corresponding geographical area. The empty cells are empty because there are no students that 
performed the M-case and for the experts no education was specified.  
 Besides checking on correlation is it interesting to determine whether there are interaction 
effects between separability and sequentiality and the control variables. This will provide insight 
about whether the predicitive power of separability or sequentiality depends of a certain situation. The 
summary of the results of the tests performed to determine interaction are shown in table 4. 

 NFL PF M Expertise Location Education 
Separability No No No No No No 
Sequentiality No No No No Yes Yes 

Table 4 Summary of interaction effects  

The tables that are used to make the conclusion about those analyses can be found in 
Appendix E, the reason that those tests are performed in separate models is because the overlap 
between several control variables. Table 4 shows that separability does not interact with any of the 
control variables and therefore can be concluded that the predictive power of separability is 
independent of those variables. This can not be concluded for sequentiality. For the control variables 
Location and Education is concluded that there is interaction. Both the interaction effects are on the 
verge of being statistically significant. The most interesting part is that in the models with the 
interaction effects for location or education the significance level of sequentiality is 0,075 and the 
value for B is positive, which matches the created hypotheses. Therefore it could be defended to use a 
one-tailed alpha to determine whether it is significantly different, which would mean that the alpha of 
0,075 is significant. So, statistically sequentiality can be determined to be a predictor when the 
interaction effect of location or education is taken into account. Besides that, the Exp(B) of 
sequentiality is 1.188 which also indicates some practical value of the predictor. Therefore the 
interaction effects of location and education got the vote “yes” in table 4. However, the 푅  of the 
models with the interaction effects is still very small and the accuracy of the model did not increase in 
relation to the baseline model, which means that not too many conclusions can be drawn about the 
predictive power of sequentiality. It is a good thing to take this potential interaction effect and 
potential predictive power of sequentiality into account when analyzing sequentiality.  
 There is too much overlap between location and education to take into account both control 
variables in the analyses of the hoptheses. The only difference between the control variable location 
and education in terms of data is that for the variable education the experts are excluded. Therefore 
the decision is made to incorporate the variable location and its interaction variable with sequentiality 
in the analyses of hypotheses that concern sequentiality, since with this control variable all data can be 
used. It should be noted that although the variable is called location, it can not be said for sure that it 
really represents the difference in location only. It could also be the difference in education. 
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5.2.4 Established predictors 
 The predictors that in other studies are proven to be predictors of syntactic process model 
quality will be tested on whether this holds also for this data. Before that is done, a baseline model 
will be created in order to be able to determine whether adding a certain predictor results in a better 
model. 

Baseline model  
 The baseline model is a model with only a constant and a dependent variable. In case of 
logistic regression this results in that either all predictions are one or all predictions are null. Since 
there are more sound process models than unsound models, all models are predicted to be sound. This 
results in an accuracy of 77,8%. Another important measure to be able to compare other models with 
the baseline model is the Log Likelihood (LL) or the LL multiplied by minus two (-2LL) of this 
model.  

LL = (푐푎푠푒푠 푐푙푎푠푠푖푓푖푒푑 푐표푟푟푒푐푡) ln(푎푐푐푢푟푎푐푦) + (푐푎푠푒푠 푐푙푎푠푠푖푓푖푒푑 푖푛푐표푟푟푒푐푡) ln(1− 푎푐푐푢푟푎푐푦) =  −119,18  

      = 175 ln 0,778 + 50 ln(1 − 0,778) =  −119,184 

-2LL = 238,368 
 
Established predictors model 
 Now a benchmark has been set, the established predictors can be checked on being predictors 
in this set of data. First will be determined whether the model as a whole is improved compared to the 
baseline model accompanied with a judgment about the stability of the model based on the residuals. 
Second, the variables will be inspected individually. 
 The decision about whether the model as a whole is an improvement will be made based on 
the following two tables. 

Difference with baseline -2LL 푅  Significance value of 푅  푅  
238,368 – 229,723 = 8,645 
0,05 < 푃(휒 = 8,645) < 0,10 

11,789 0,161 0,058 

Table 5 Statistics about the whole model (established predictors) 

 
Observed Predicted 

Strict soundness Percentage Correct 

0 1 

 Strict soundness 0 3 47 6,0 

1 2 173 98,9 
Overall Percentage 78,2 

Table 6 Classification table of established predictors 

 The tables show that there might be some improvement, but definitely not a big one. The 
classification table in table 6 shows that three cases are correctly predicted to be not sound, but at a 
cost that two sound models are predicted to be not sound. This makes the accuracy to be 78,2% in 
relation to 77,8% of the baseline model. This slight improvement in accuracy is not enough to let the 
statistical tests conclude that the model as a whole is improved: the difference between the -2LL’s is 
8,645 which is too small to reach the needed significance level of <0,05; the significance value of 푅  
neither researches its significance threshold of 0,05, which is an indication that the model did not 
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improve by adding the variables and the 푅  reveals that only 5,8% of the variance is explained by the 
model, which is pretty low. More information on what the measures exactly mean, measure or why 
they can be interpreted the way they are can be found in appendix F.  
  Although there is not much indication that the model is improved, still the specific 
information about the variables is provided in table 7. 

 
Variables B S.E. Sig. Exp(B) Predictor confirmed? 
CH ,009 ,009 ,337 1,009 No 
Δ -,079 ,089 ,370 ,924 No 
CNC -,053 ,035 ,125 ,948 No 
Crossing arcs -,005 ,003 ,065 ,995 Yes 
Constant 7,428 4,121 ,071 1683,020  

Table 7 Variables in the predicting model (established predictors) 

 As was to be expected from the statistics about the whole model are most variables not 
significant, neither have they extreme values for Exp(B) what could have indicated practical 
significance for this specific set of data. Although the majority of the model characteristics are not 
predictors in this set of data, they will remain to have the label established predictors in this thesis to 
be able to refer to those characteristics as a group. It is remarkable that the predictor crossing arcs 
touches upon being statistically significant, because only very few process models contained any 
crossing arcs in its model. The value for B is made green, because from that value can be obtained 
that the direction of the predictor is as expected, meaning that if a model has (more) crossing arcs the 
predicted chance lowers that it will be a sound model. The results for crossing arcs are thought to be 
significant because the direction of the B is the same as in the constructed hypotheses, therefore one-
tailed testing can be used, which means that the alpha of 0,065 is good enough. 

The results about the in previous work established predictors are not quite as expected. It is 
useful to know that most of the predictors do not predict in this set of data on beforehand. In the next 
chapter will be shown how will be dealt with this situation in order to still test the hypotheses. 

6 Analysis of hypotheses 
 The hypotheses created in chapter four will now be tested. First will be described what 
statistical tests are used in order to be able to decide whether the hypotheses in question should be 
accepted or rejected. In section 6.2 the actual testing is presented. 

6.1 Procedure  
As discussed in the introduction of chapter five, logistic regression will be used to test the 

hypotheses. First the procedure for hypotheses 1a and 2a will be described, which will be followed by 
a description of the procedure for hypotheses 1b through 1e and 2b through 2e.  
 For testing hypothesis 1a and 2a only a correlation test will be performed in order to 
determine whether separability or sequentiality relate with soundness.  
 To test hypotheses 1b through 1e and 2b through 2e a logistic regression will be deployed. 
First will be determined whether the whole model is improved in relation to the baseline model, 
followed by an inspection whether the model is a stable model an then the specific predictors will be 
investigated. Which tests are used, what they exactly measure and how they should be interpreted is 
presented in Appendix F.   
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6.2 Hypotheses 
 The hypotheses will be analyzed at the hand of the described tests. Hypotheses 1a and 2a will 
be analyzed separately, since they are analyzed using another analyses. Hypotheses 1b through 1e will 
be analyzed together, as will hypotheses 2b through 2e.  

6.2.1 Hypothesis 1a 
 The goal of this hypothesis is to determine whether separability positively relates to 
soundness. In order to do that the correlation coefficient will be calculated.  

  Separability 
Soundness Pearson Correlation 0,064 

Sign. 2-tailed 0,340 
N 225 

Table 8 correlation between separability and soundness 

 The Pearson correlation coefficient and its significance value indicate that separability does 
not relate with soundness, since that the significance is way higher than 0,05 and the correlation 
coefficient is near 0. Therefore hypothesis 1a is rejected. 

6.2.2 Hypotheses 1b through 1e 
 Hypotheses 1b through 1e were formulated in the supposition that the established predictors 
are predictors of soundness. Section 5.2.3 shows that this is only the case for crossing arcs. Besides 
that, more or less the supposition was that separability predicts as well.  
 Since the thought is that CH and separability together have more predictive power, it is not 
that problematic that CH is not a predictor and separability does not relate to soundness for testing the 
hypotheses. The reasoning behind the creation of the hypotheses just should be taken into account 
more actively by deciding to accept or reject hypothesis 1b.  
 The reasoning behind hypothesis 1c and 1d is that the predictive power that separability 
displays stems from the predictive power of Δ or CNC respectively. Since already has been shown 
that Δ and CNC are not predicting, the hypotheses that the predictive power of separability stems 
from Δ or CNC could already be rejected regardless the predictive power of separability itself. A 
variable that is not a predictor can simply not be the predictor behind another variable that seems to 
predict. However, the relation between separability and Δ and CNC will still be investigated, 
regardless of the fact that in this set of data both are no predictors. Information about the relation 
between those the variables can reveal insight about whether they have influence on each other. If 
there is no dependency between the variables then there is even harder evidence to conclude that Δ 
and CNC are not the predictors behind separability. Since Δ and CNC should not be independent from 
separability to be the underlying predictor of separability.   
 Crossing arcs is determined to be a predictor of soundness, but since separability does not 
predict it can not be tested directly whether crossing arcs takes the predictive power of separability 
away. Therefore, a similar approach will be taken as for Δ and CNC.   
 To decide whether the hypotheses should be accepted or rejected the mentioned tests will be 
performed. The model created in 5.2.3 with the established predictors will be extended by adding 
separability and interaction effects to the predicting model. This model will first be evaluated on 
whether it is improvement as a whole in comparison to the model in 5.2.3.  

 

 



34 
 

Difference with baseline van -2LL 푅  Significance value of 푅  푅  
229,723-221,246 = 8,477 
0,1 < 푃 휒 = 8,477 < 0,25 

20,437 0,009 0,112 

Table 9 Statistics about the whole model (established predictors, separability and interaction effects) 

 
Observed Predicted 

Strict soundness Percentage Correct 
0 1 

 Strict soundness 0 3 47 6,0 
1 2 173 98,9 

Overall Percentage 78,2 
Table 10 Classification table of the model (established predictors, separability and interaction effects) 

 The difference between the -2LL’s of the whole model and the model with only the 
established predictors is 8,477. This difference is obtained by adding five predictors to the model, the 
significance value of the difference is between 0,1 and 0,25. So, the difference in -2LL’s does not 
indicate a significant improvement of the whole model. The 푅  is 20,437 which means that this test 
concludes with a significance level of 0,009 that adding the variables does improve the model. The 푅  
is 0,112 which can be interpreted as that the model as a whole explains 11,2% of the total variance, 
which is very low for a model with nine predictors.  
 From a comparison between table 6 and table 10 can be obtained the classification table did 
not change a bit by adding the 5 new variables. Thereby the accuracy does not improve and is the 
classification table an indication that the model is not improved.  
 So, only 푅  indicates an improvement of the model. Since all those tests together are to be 
used to conclude whether the model is improved, it can be concluded that the model is not improved 
by adding separability and the interaction effects. This is not out of the line of expectations after the 
tests on CH, Δ, CNC and separability. Furthermore can from Appendix G be obtained that the whole 
model is as stable as the model with only the established characteristics.  
 Although the model as a whole is not improved, still could there be significant interaction 
effects. Therefore the statistics about the variables in the predicting model are presented in table 11. 

Variables B S.E. Sig. Exp(B) VIF Tolerance 

CH   0,009 0,009  0,331  1,009 0,947 1,056 

Δ  -0,088 0,107  0,408  0,915 0,924 1,082 

CNC -0,052 0,036 0,144 0,949 0,908 1,102 

Crossing arcs -0,008 0,004 0,031 0,992 0,933 1,072 

Separability -0,006 0,012 0,632 0,994 0,864 1,157 

Separability by CH 0,012 0,010 0,260 1,012   
Separability by Δ -0,008 0,008 0,331 0,992   
Separability by CNC -0,072 0,032 0,215 0,964   
Separability by Crossing arcs 0,000 0,000 0,316 1,000   
Constant 1,106 0,183 0,000 3,023   

Table 11 Variables in the predicting model (established predictors, separability and interaction effects) 

 Table 11 shows that the only significant predictor is crossing arcs, since it is the only 
predictor with a significance value lower than 0,05.  The Exp(B)’s are not out of the ordinary and thus 
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are they not contradicting the conclusion based on the significance values that only crossing arcs is a 
predictor of soundness. The fact that the interaction effects are not significant is an indication that 
separability does not relate with any of the established characteristics. The VIF and tolerance values 
indicate no collinearity between any of the variables8, since VIF’s lower than 0,1 and tolerance values 
higher than 10 are indicating collinearity. These values are close to one and it is therefore safe to say 
that there is no collinearity, also indicating no relation between separability and the established 
characteristics or between any of the variables for that matter. Furthermore can from appendix H be 
obtained that neither of the established characteristics correlate highly with separability, which also 
indicate that none of the characteristics relate with separability.  
 The reasoning behind hypothesis 1b was that if CH and separability were both incorporated 
into the predicting model, the predicting power of the model would be higher. Since this is not the 
case can hypothesis 1b is rejected. The fact that the factors do not relate to each other, since that their 
interaction effect is not significant, that both variables are not collinear and that the do not correlate 
strongly only confirms the rejection of the hypothesis even more.  
 Hypotheses 1c 1d and 1e are also rejected because there could no relation between Δ, CNC or 
crossing arcs with separability be detected. 

6.2.3 Hypothesis 2a 
 Sequentiality will get the same treatment as separability. So, first will be tested whether 
sequentiality relates with soundness when it is considered in isolation. 

  Sequentiality 
Soundness Pearson Correlation -0,011 

Sign. 2-tailed 0,871 
N 225 

Table 12 correlation between sequentiality and soundness 

The correlation coefficient and its significance value indicate that sequentiality does not relate 
with soundness. Therefore hypothesis 2a is rejected. 

6.2.4 Hypothesis 2b through 2e 
Hypothesis 2b through 2e will be analyzed the same way as 1b through 1e, with the only 

exception that the control variable location and its interaction effect are incorporated in the predicting 
model as well as was decided in section 5.2.3. 

Difference with baseline van -2LL 푅  Significance value of 푅  푅  
229,723-212,644 = 17,079 
0,01< 푃(휒 = 17,079) < 0,05 

10,762 0,216 0,165 

Table 13 Statistics about the whole model (established predictors, sequentiality, location and the interaction effects) 

Observed Predicted 

Strict soundness Percentage 

Correct 0 1 

 Strict soundness 0 6 44 12,0 

1 4 171 97,7 
Overall Percentage 78,7 

Table 14 Classification table of established predictors, sequentiality , location and the interaction effects 

                                                   
8 Note that for the interaction effects collinearity is not calculated, since it would disturb the collinearity values 
of interest. 
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 This time, the whole predicting model contains 7 more variables than the model with only the 
established characteristics. The difference between the -2LL’s, turns out to be a significant difference. 
This indicates that the whole model is a better predictor than the model with only the established 
characteristics. The 푅  on the other hand is not significant, indicating that adding the variables did not 
improve the model. The 푅  is improved, but is still rather low.  
 Table 14 shows that six process models are correctly classified to be not sound. However at a 
cost of classifying four sound processes to be not sound. This means that the accuracy is increased 
with only 0,5% in comparison with the model with only the established characteristics.  
 Just like for the predicting model used to analyse hypotheses 1b through 1e is there only one 
indication that the model as a whole is improved. Therefore can be concluded that the model as a 
whole is not improved. Furthermore can from Appendix G be obtained that the whole model is as 
stable as the model with only the established characteristics. Now the statistics about the variables in 
the predicting model are presented in table 15. 

Variables B S.E. Sig. Exp(B) VIF Tolerance 
CH -0,001 0,011 0,946 0,999 0,943 1,060 
Δ -0,140 0,115 0,224 0,869 0,793 1,261 
CNC -,055 0,041 0,183 0,946 0,847 1,181 
Crossing arcs -0,006 0,004 0,069 0,994 0,947 1,056 
location 0,066 0,623 0,916 1,068 0,945 1,058 
Sequentiality 0,196 0,079 0,111 1,216 0,771 1,297 
Sequentiality by location -0,176 0,115 0,125 0,839   
Sequentiality by CH 0,002 0,001 0,200 1,002   
Sequentiality by Δ -0,010 0,012 0,367 0,990   
Sequentiality by CNC -0,056 0,036 0,122 0,946   
Sequentiality by Crossing arcs -0,001 0,000 0,145 0,999   
Constant 1,490 0,588 0,011 4,435   

Table 15 Variables in the predicting model (established predictors sequentiality, location and the interaction effects) 

 The first thing to notice is that the significance value of sequentiality exceeded 0,1, meaning 
that even if the acception range is set at 0,1 sequentiality is not significant. Furthermore can be 
obtained that neither location nor its interaction effect with sequentiality is significant. This indicates 
that sequentiality does not have a dependency relation with the location variable after all.  
 Important for making the decision whether hypothesis 2b should be rejected is that the 
predictive power of the model did not increase, that neither sequentiality nor CH suffers from 
collinearity, that the interaction effect between CH and sequentiality is not significant and that there is 
no strong correlation between the two variables which can be obtained from table 15 and Appendix H. 
All these observations contribute unanimously to that hypothesis 2b is rejected.  
 Hypotheses 2c 2d and 2e also need to be rejected, since no relation can be detected between 
sequentiality and Δ, CNC or crossing arcs in terms interaction effect, collinearity or strong 
correlation.  
 At this point, all sub-hypotheses are tested. In chapter 7 will be discussed what the obtained 
results mean for the main hypotheses and the underlying rationales. 
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7 Discussion Part 2 
 This chapter is divided into two sections. First, the performed analyses will be discussed. This 
will shed a light on the likelihood of the discussed predictors of being true predictors of soundness. 
Second, the match between the rationales behind separability and sequentiality and their metrics will 
be discussed in order to determine whether the reasoning behind the metrics should have the same fate 
as their metrics or not. 

7.1 Discussion of analyses 
 The analyses where performed in order to be able to decide whether the hypotheses should be 
accepted or rejected. On the way some other non-expected results were encountered as well, these 
results will be discussed after the discussion of the hypotheses. This section will be concluded by 
updating the business process model quality framework. 

7.1.1 Discussion of hypotheses 
The fact that hypotheses 1a and 2a are rejected, give a first impression of that separability and 

sequentiality are no predictors of soundness. The hypotheses 1b through 1e and 2b through 2e confirm 
such a statement. The test results from the latter group of hypotheses show that the relation between 
separability and sequentiality and soundness is independent from CH, Δ, CNC and crossing arcs.  
 The fact that Δ, CNC and crossing arcs have no strong relation with separability or 
sequentiality and are not collinear at all in predicting soundness means that Δ, CNC and crossing arcs 
can not be underlying predictors of soundness, regardless of the predictive power the variables have 
on its own.  
 The results concerning separability and sequentiality are pretty clear. These metrics do not 
relate with soundness and do not predict it. Besides that separability and sequentiality are independent 
concerning their lack of predictive power on soundness in relation to CH, Δ, CNC and crossing arcs. 
There is also controlled for type of case, type of education, location and level of expertise of the 
modeler and neither of those variables had influence on the relation between separability or 
sequentiality and soundness. Therefore can the two main hypotheses that separability and 
sequentiality are predictors of soundness be rejected for this set of data.  
 The residual analyses indicate that the created models were stable, which indicates that the 
conclusions are likely to hold in other datasets as well. Besides that, by taking into account control 
variable the conclusions became more generalizable. Furthermore match the conclusions with the 
work of (Mendling, Sánchez-González, et al., 2012), where separability and sequentiality are 
classified in the group of characteristics that have the lowest accuracy in predicting syntactical 
quality.  
 However, there was also work that did indicate a relation between separability or sequentiality 
and syntactic quality. In (Mendling & Neumann, 2007) separability was pointed out to be an error 
determinant. This work is unfortunately not very transparent in their result section. The only results 
presented are the 푅  and the 푅 , which are measures to determine the quality of a predicting model as 
a whole. Although both these measures align with the statement that the predicting model that 
includes separability and other metrics serves as a good predicting model for their set of data, not 
much value can be attributed to this analysis in regard to our study, because of a lack of transparency. 
Especially since no information about the metric separability is presented, no B, S.E., significance 
level or Exp(B) is presented. An advantage of the research of (Mendling & Neumann, 2007) over this 
work is that their analyses are based on real processes created by professionals, instead of process 
models created at the hand of a case description with the majority of participants being students. 
Besides that, their data is obtained from four different companies with a wide range of sorts of 
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processes, while the data used in this work is created in an experimental setting based on only three 
different case descriptions. However, the limited amount of case descriptions and experimental setting 
might also be an advantage. In this way the differences in the models do not depend on the situation at 
hand. This means that if differences in soundness are found it can more easily be linked to 
characteristics of the model, since it is known that the characteristics of the model could have been 
applied on the not sound model as well. Furthermore, the difference in cases that were used in these 
analyses did not have an effect on soundness, nor was there interaction with separability or 
sequentiality in predicting soundness, indicating that the type of case has no influence on the relations 
of interest.  
 Although the work of (Mendling & Neumann, 2007) has its advantages over this thesis, the 
lack of transparency is thought to be a more severe problem. Therefore it is thought that the work of 
(Mendling, Sánchez-González, et al., 2012) in combination with this thesis take precedence over the 
work of (Mendling & Neumann, 2007) regarding separability.  
 The work of (Mendling, Neumann, et al., 2007) was used for both separability and 
sequentiality to indicate a relation with syntactic quality. For sequentiality only a marginal (0,35) but 
significant correlation could be obtained. The regression coefficient was not significant. This already 
slim indication for sequentiality to be a predictor for a type of syntactic quality is therefore thought to 
be overruled by the work of (Mendling, Sánchez-González, et al., 2012) and this work. In (Mendling, 
Neumann, et al., 2007) a significant correlation of -0,29 was found for separability, in combination 
with a significant regression coefficient. However, the accuracy of the model including separability 
and several other variables increased with only 6% in comparison with the baseline model. Besides 
that, the authors state that structuredness had by far the most predictive power. The 6% improvement 
in combination that most of this 6% is determined to be resulting from another factor than separability 
means that the added value of separability in that study was nil. Furthermore is there no information 
about whether the predictive model was a stable one or whether the values of separability where 
stable. Because of the reasons above is thought that the work of  (Mendling, Sánchez-González, et al., 
2012) in combination with this thesis trump the conclusions about separability in (Mendling, 
Neumann, et al., 2007).  
 So, to answer the sub-questions of this part whether separability and sequentiality are 
predictors of soundness: they are not. 

7.1.2 Established predictors 
The results about separability and sequentiality were not the only interesting analyses that 

came across. CH, Δ and CNC turned out to be no predictors of soundness in this set of data.  
 It was not expected that CH, Δ and CNC would not predict soundness, since they are thought 
to belong to the stronger predictors of the business process model quality framework. As discussed 
were Δ and CH found to be predictors in (Mendling, Sánchez-González, et al., 2012).   
 Something that could explain the difference between the findings is a difference in preparing 
the data. In this research a very cautious approach was taken in removing influential data points from 
the dataset in order to end up with results that are as generalizable as possible. Unfortunately the work 
of (Mendling, Sánchez-González, et al., 2012) is not transparent about their approach in preparing the 
data. It could very well be that in that work a more liberal perspective on deleting outliers has been 
taken. This is not necessarily a bad thing, but can generate different, better fitting and less 
generalizable results. The work of (Mendling, Neumann, et al., 2007) shows as well that CH is a 
predictor. Besides that CNC is found to be a predictor. But also here is there no transparency in how 
they prepared the data. Therefore the same comparison could be made.  
 It will not be concluded that CH, Δ and CNC should definitely not be considered as predictors 
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anymore. The point that is thought to be made, is that the contradicting evidence provided in this 
thesis leads to more doubt about whether model characteristics are suited for predicting quality. 

7.1.3 Updating the framework 
 Based on the results of the analyses is the framework updated. Only the relevant parts of the 
framework are presented figure 6 and 7 in order to easily see the changes that are made. The complete 
updated framework can be viewed in Appendix I. 

 Separability and sequentiality are no longer thought to be predicting soundness and therefore 
there is no arrow originating from those blocks to soundness anymore. Therefore the color of the 
blocks changed from purple to red9, indicating that separability and sequentiality remain in the 
framework as potential predictors of pragmatic quality. CH remains in the framework as predictor of 
soundness, only the confidence that it is a predictor is heavily reduced. From a bold line to a dotted 
line. For Δ and CNC holds the same, although the arrows only reduce from normal to dotted, Δ and 
CNC are on the verge of being removed as soundness predictor. Crossing arcs is based on the 
analyses to predict soundness and therefore it crossing arcs will be updated to being a purple 
predictor. Although this predictor was only marginally significant, it is considered to be very 
promising that this variable managed to become marginally significant since there were only so few 
process models with crossing arcs at all. Therefore crossing arcs is updated with a normal arrow and 
not with a dotted one. 

7.2 Discussion of rationales 
 There are two levels of rationales used that are thought to underlie the metrics for separability 
and sequentiality. First will be discussed whether the metrics match with the specific rationales and 
thereby discussing whether the specific rationales should be rejected along with the metrics or not. 
Second, the more general rationale will be discussed in the same way. 

7.2.1 Specific rationales 
 Normally would the rejection of a hypothesis mean that the rationale behind the hypothesis 
should be rejected as well. However, in this case it could be different, because the question has risen 
whether the metrics for separability and sequentiality fit their rationale. If they don’t, one can not 
conclude that because the hypotheses that separability and sequentiality predict are rejected also the 

                                                   
9 As a reminder: blue stands for syntactic quality, red for pragmatic quality and purple stands for both syntactic 
and pragmatic quality. 

Figure 7  Relevant part of framework before updating Figure 6 Relevant part of framework after updating 
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non-matching rationale should be rejected as well. First will be discussed whether the metric of 
separability matches with is specific rationale. Then will be discussed whether the metric of 
sequentiality matches with is specific rationale.  

Separability 
 The specific rationale of separability is: “A model with a high ratio of cut-vertices should be 
less likely to contain errors than a model with a low ratio. If every node except the start and the end 
node is a cut-vertex, the model is sequential and should, thus, be easy to understand.” (Mendling, 
2008 p135). This rationale states that a high ratio of cut-vertices should lead to a lower chance that a 
process model contains errors. The separability metric is calculated by dividing the number of cut-
vertices by the total number of nodes, which exactly is the ratio of cut-vertices. This ratio is tested on 
being a predictor of soundness, it is tested whether the chance that a process model is sound depends 
on the separability ratio. Therefore it is thought that the argued relation between chance on errors and 
the ratio in the specific rationale in (Mendling, 2008), which is adopted in this thesis for reasons 
described in the introduction of Part 2, match with what is tested in the analyses of the hypotheses. 
Therefore the specific rationale is rejected along with its metric. 

Sequentiality 
 The specific rationale of sequentiality is: “A process model with a high sequentiality ratio 
should be less likely to contain errors than one with a low sequentiality ratio. In contrast to the 
separability ratio, the sequentiality ratio also considers sequences that are in parallel or exclusive. If 
every arc connects only non-connector nodes, the model is sequential and the sequentiality ratio is 
1.” (Mendling, 2008 p136). The rationale states that a high sequentiality ratio should lead to a lower 
chance that there are errors in the process model. In this thesis the sequentiality ratio is measured the 
way it was defined in (Mendling, 2008), so there is a one on one match on that part. Furthermore is 
just like for separability tested whether the chance that a process model is sound depends on the 
sequentiality ratio. Therefore is thought that the rationale matches with what is tested in this thesis, 
which means that the specific rationale for sequentiality should be rejected along with its metric. 

7.2.2 General rationale  
 The rationale: “separability and sequentiality… …capture how far certain parts of the model 
can be considered in isolation.”  (Mendling, 2008 p134) was the main reason for constructing the 
metrics separability and sequentiality. It will be defended that because of a lack of a match between 
the main rationale and its metrics, the rationale should not be rejected based on the obtained results 
about the metrics.  
 As already mentioned in the introduction section of the second part of this thesis is there an 
indirect suggestion that pieces of a sequence lend themselves to consider parts of a model in isolation. 
However, no explanation is given on how this could be done. Neither is there an indication of when, if 
not always, the process should be considered in smaller parts. Furthermore is there no description of 
preferable size of the parts, or how to set the boarders of those parts. Due to this lack of description on 
how it should work, no direct conclusion can be drawn about whether there is a match between 
separability and sequentiality with the rationale.  
 However, an indirect conclusion can be drawn.  Separability and sequentiality can not be a 
measure for the possibility to consider certain parts of a model in isolation, since they do not answer 
the posed questions either. The metrics leave the modeler in the dark about how to consider which 
parts in isolation. Therefore, the conclusion is that there is no match between the metrics of 
separability and sequentiality and the general rationale.   
 So, the general rationale remains standing, but how valuable is a rationale without an 
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operationalization and a lot of questions on how the rationale should improve the quality even in 
theory surrounding it? Well, for the precise formulation of the general rationale along with its 
translation the answer is: not so much. It is thought that there are no model characteristics that could 
capture the possibility of considering parts in isolation. Later on a case will be made that this rationale 
is a very strong one and that the problems surrounding it can be concurred, if it is adapted and 
operationalized with another type of predictor. 

8 Conclusions 
 In this chapter the main contributions made in this thesis will be discussed. The more detailed 
contributions and their limitations are already mentioned in the previous discussions and along the 
way through the chapters. These contributions will then be used to answer the research question. The 
last section of this chapter will be about possible future research to perform, including indications of 
which future research is thought to be most fruitful.  

8.1 contributions 
The main contributions made for the journey towards finding the true predictors of business 

process model quality will be discussed in categories of how they are obtained. Contributions through 
the construction of the framework, contributions through the performed empirical research and 
contributions through evaluating the rationales of separability and sequentiality will be discussed 
consecutively. After pointing out the contributions per category the research question will be 
answered. 

Contributions through the construction of the framework  
 The major contribution in this part is the increased clarity of terms and definitions used in the 
domain of business process model quality, by the creation of the framework. It sheds a light on what 
work is performed and whether papers support or contradict each other, resulting in strong or weak 
evidence.    
 Another contribution to address specifically is about the identified types of quality. Although 
the identified types of quality are possibly not entirely covering all bases of business process model 
quality, it is thought to be a good basis for understanding what process model quality really is.  
 The presented work about whether model characteristics predict quality already provides 
much insight regarding the main question. The work indicates that certain types of model 
characteristics are suited for predicting business process model quality. Size is the first type of 
characteristic that is identified as predicting quality. Besides that, the metrics about secondary 
notation are thought to be a promising source for predicting quality. The other model characteristics 
will be discussed in the next section about contributions through empirical research. 

Contributions through the performed empirical research  
 Probably the most obvious contribution of this part of the thesis is that separability and 
sequentiality are ruled out as being predictors of syntactic quality. Ruling out thought to be predictors 
also increases knowledge about the predictors and it therefore is thought to be a valuable contribution. 
 The empirical research confirmed that secondary notation characteristics are suited for 
predicting quality, by the finding that crossing arcs predicts soundness.  
 The most interesting contribution regarding the main question is about the remainder of the 
model characteristics that were not discussed in previous section. A vast amount of those 
characteristics were identified in the framework as having contradictory evidence, which is an 
indication that those model characteristics are not thought to be suited for predicting quality. The 
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performed empirical analyses confirmed this indication by rejecting the metrics separability and 
sequentiality. Even more so by spreading doubt by so far undoubted predicting relations. CH, Δ and 
CNC were all thought to be predicting soundness. All those variables were determined to be no 
significant predictors in this set of data. This increased doubt about whether those model 
characteristics are predicting, leads us to conclude that the search for predictors of quality better can 
be directed away from those kind of model characteristics, since a high level of doubt without clear 
progress is a reason to do such a thing (Godfrey-Smith, 2003). 

Contributions through the evaluation of the rationales  
 The evaluation of the specific rationales has shown that they should be rejected. This means 
that two reasons for thinking that certain model characteristics could predict a certain type of quality 
are eliminated. This matches the risen thought that those model characteristics are not the best 
predictors of business process model quality. Furthermore are model characteristics thought to be 
unable to deal with the reasoning that the possibility to consider parts in isolation will lead to better 
models. 

 Based on the contributions, answering the main question whether model characteristics are a 
good place to search for business process model quality predictors is no hard task anymore. The 
framework has shown that the characteristic size does predict a form of quality. However this type of 
characteristic seem to suffice with the metric “number of nodes” and is therefore not in needed to 
search for more model characteristics in that area. The model characteristics concerning complexity, 
excluding secondary notation characteristics, are thought to suffer from a too high amount of 
contradictory evidence to classify that specific area as a good place to search for quality predictors. 
The secondary notation characteristics are thought to be a good place to search for predictors of 
business process model quality, since those already identified characteristics were all promising in 
predicting quality. 

8.2 Future research 
 This paper touched upon a lot of potential follow up studies. First of all, the five options for 
future research opted in the discussion of the framework still hold: extend the framework with an 
extensive literature search based on keywords; consider modifiability as a type of quality next to 
syntactic, semantic and pragmatic quality; Perform research with the until now under-used pragmatic 
quality metrics in order avoid pragmatic quality only being about whether the model is understood, 
regardless of the time needed to understand or the easiness of understanding; investigate semantic 
quality and investigate contradictory results present in the framework.  
 The second part of this paper contributed to the options to investigate contradictory results, 
since this work was the first to conclude that CH, Δ and CNC are no predictors opposed to earlier 
work incorporated in the framework. Another potential follow up is to determine whether the type of 
case has influence on predictors of quality. Although this work hints towards that the type of case 
does not matter, it is not conclusive and it was only about several thought to be predictors.  
 All of the mentioned ideas for follow up studies are thought to be of value for the domain of 
business process model quality research. However, two topics are yet thought to be substantially more 
interesting to investigate. The first is the influence of secondary notation. As discussed in answering 
the main question are secondary notation characteristics thought to predict quality.   
 The other topic that is worth to be stipulated for future research is a whole alternative area to 
search for business process model quality predictors. It is thought to be needed to identify a new area 
to search for predictors of quality, since the conclusion of this thesis is that only a small subset of all 
model characteristics is thought to be interesting to search for business process model quality. In fact, 
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not only will another area be pointed out, it will also be applied by operationalizing the general 
rationale behind separability and sequentiality that the possibility to consider certain parts in isolation 
leads to a higher quality. This area is “the process of process modeling”. In the last chapter of this 
thesis will be explained and motivated why this area is thought to be a good alternative area for 
finding quality predictors.  

9 Process of process modeling 
 Since the conclusion has been made that the most of the model characteristics are not thought 
to be the best place to search for business process model quality predictors, an alternative area will be 
advocated. This area is the process of process modeling (PPM). First will be discussed what it is and 
what work already has been done in this area. After a short introduction into PPM will be discussed 
how can be dealt with the general rationale behind separability and sequentiality. The thesis will be 
concluded by introducing a new modeling method that fits the general rationale. 

9.1 Previous work in PPM 
There has been several work in investigating modeling behavior. In (Pinggera, Zugal, 

Weidlich, Fahland, Weber, Mendling, Reijers, 2012) is PPM identified as important for the quality of 
the resulting model. They identify different phases of modeling: modeling, comprehension and 
reconciliation.  Another example of work in PPM: (Pinggera, Soffer, Fahland, Weidlich, Zugal, 
Weber, Reijers, Mendling, 2013) is modeling behavior inspected in order to identify different 
modeling styles. Those different styles provide insight in how the modeler works and therefore how 
they best could be supported through modeling support and or modeling instructions. In (Weber, 
Pinggera, Torres, Reichert, 2013) modeling behavior is investigated in terms of patterns, where 
patterns are certain groups of actions instead of singular actions (e.g. deleting process fragments, 
instead of deleting a single node). This resulted in the finding that the nesting depth has influence on 
the cognitive complexity.  
 In (Claes, et al., n.d.) and (Claes et al., 2012) Several types of modeling behavior are 
measured: “(i) the overall modeling speed, (ii) the frequency of moving existing objects over the 
modeling canvas, (iii) the frequency of deleting model objects during the modeling process, (iv) the 
frequency of renaming model objects, and (v) a modeler’s structured modeling style is in any way 
connected to the quality of the resulting process model.” (Claes, et al. n.d. p1). Especially interesting 
is the structured modeling style that is investigated. It is thought that structured modeling leads to a 
higher quality of a model. Structured modeling has to with whether a modeler works in blocks, 
meaning that parts of the process are modelled part by part. This is especially interesting since this has 
some overlap with the general rationale behind separability and sequentiality. The rationale is about 
that the possibility to consider certain parts of a process model in isolation leads to better models and 
the work about structured modeling is about whether modelers do work block for block. 
Unfortunately, there is also overlap in problems. Where for the rationale could not be determined 
what those parts would be, in (Claes, et al., n.d.) and (Claes et al., 2012) there is no complete and 
clear definition of a block.  
 The discussed papers discussed about PPM all have in common that they investigate the 
modeling behavior and try to determine from there what way of modeling is a good way of modeling. 
It could be said that a search is going on to find the best practices of business process modeling. This 
thesis will take another approach in trying to operationalize the general rationale behind separability 
and sequentiality in the area of PPM. The modeling behavior will not be inspected, but it will be 
prescribed. Prescribed in a way that is thought to lead to high quality models, by taking into account 
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the general rationale. In other words: a business process modeling method will be introduced, which 
will be done in next section. 

9.2 Modeling method 
 First, the rationale will be adapted in order to fit in the area of PPM and it will be motivated 
why this adaption is an improvement. Once the rationale is identified, a method to create a certain 
type of models in another field will be introduced. It will be motivated why and how this model deals 
with the rationale and then the method will be translated towards business process modeling. An 
extensive example of applying the new method will be provided and this section and thereby this 
thesis will be concluded with a short evaluation of the method. 

Rationale 
 The current rationale refers to the possibility to consider parts of a model in isolation. If 
somehow can be found whether it is possible to consider parts in isolation, let alone the usefulness of 
the parts, it does not say whether parts are actually considered in isolation. This would render the 
metric still merely useless, since there would be no way of telling whether the difference in soundness 
is really due to considering parts in isolation because that is not what is measured. But with one 
adaption to this general rationale a very strong argument can be made on why the rationale should not 
be discarded. The rationale so far was about whether a model could be considered into parts. 
Considered by whom? Since soundness is investigated in this thesis, the interpretation is chosen that 
the perspective of the modeler is used, since that is the person influencing soundness. The formulation 
that it should measure the possibility for a modeler to consider parts in isolation is changed to whether 
a model really is considered in parts by a modeler. The change from only the possibility to consider 
parts of a model in isolation to whether a modeler really does consider parts in isolation puts the focus 
on an entirely different level: the behavior of the modeler. The behavior whether a model considers 
parts in isolation links to two fundamental aspects of the human brain. The human brain is thought to 
have a bounded rationality and a limited information processing capacity (Simon, 1972) and 
(Dijksterhuis, 2004) respectively. Bounded rationality basically holds that what we can comprehend is 
limited and that there is a limit on the complexity one can handle. Limited information processing 
capacity means that one can only process a certain amount of information at a time, if more 
information is presented than the capacity allows, then at least a part of the presented information will 
not be processed or will be processed incorrectly. If a modeler considers parts in isolation during 
modeling, there will be less information to deal with in a smaller setting which is thought to be less 
complex. Therefore is it thought that creating a model piece by piece will reduce the chance that the 
bounded rationality and the limited information processing capacity of the brain become a problem.  
 So, the general rationale introduced by (Mendling, 2008) partially initiated this change in 
perspective. The translation of the rationale chosen by (Mendling, 2008) is not thought to be 
successful, but the idea behind it leads to the basis of a strong argument. The new rationale leads to a 
whole other approach on how to operationalize it, it links to PPM. The thought that the bounded 
rationality and limited information processing capacity need to be taken into account during modeling 
leads to an operationalization that prescribes the way of modeling. Therefore a modeling method will 
be constructed in the next section as being the potential operationalization of the new rationale. 

9.2.1 Operationalize the general rationale 
 For constructing an operationalization for the adapted rationale, a similar approach is taken as 
is used for creating the business process model quality framework. An existing example will be taken 
to translate it to the situation at hand. The existing example that will be used is a way of how business 
information system architecture(s) (BISA) can be created. This method deals with the complexity and 
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the amount of information at hand in such a way that it enables business architects to deal with 
enormous mazes of information systems in a good matter. Therefore, this method is chosen to be a 
source of inspiration for creating the modeling method. First, the method will be described. Then, 
characteristics of this method that enable dealing with high complexity and a huge amount of 
information will be extracted and used to construct a process modeling method.  

9.2.1.1 Method for creating a BISA 
 The chosen method to create a BISA is a top-down approach at the hand of a set of so called 
dimensions which are consecutively used to put more detail in the architecture ending up with the 
level of detail that is needed for the situation. The method stems from (Grefen, 2012) and this method 
will be explained by first explaining the dimensions, followed by an explanation on how those 
dimensions can be operated to get to a BISA with the preferred level of detail.  
 In (Grefen, 2012) four dimensions are identified, which are: 

- Aspect 
- Aggregation 
- Abstraction 
- Realization 

The aspect dimension is about from which perspective the information systems are viewed. 
For example, the decision could be made to only focus on software structures which would be a 
software aspect. There are multiple models that contain different aspects to choose from of which the 
most widely known are the aspect models of Truyens and that of Kruchten. For the purpose of this 
paper it goes too far to discuss those models. More information can be found in (Grefen, 2012).   
 The aggregation dimension is about the level of detail in an architecture in terms of the 
number of components present in the architecture. The more components present, the lower the level 
of aggregation. Every time a step is taken in this dimension, the relation between the information 
systems represented by components need to be reconsidered.  
 The abstraction dimension is about to what extent the descriptions about the information 
systems are abstract or concrete. The more specific information is presented about information 
systems, the more concrete the architecture is.   
 The realization dimension ranges from very business-oriented to very IT-oriented. One 
operationalization of this dimension is the BOAT framework. This dimension will not be used for 
business process models, therefore will this framework not be explained. Readers interested in this 
framework are referred to (Grefen, 2012).   
 The first step in creating the BISA is to choose an aspect of interest. After the aspect is chosen 
the architecture starts with just one general component. From here steps can be taken towards a more 
concrete, less aggregated and or more realized architecture. 
Before steps are taken it is important to determine the 
preferred level of detail on the different dimensions. The 
steps that can be taken are visually represented in green in 
figure 8 and a possible route is represented by the blue 
blocks. The shown route is one where first two realization 
steps are taken; followed by three de-aggregation steps; 
which are followed by another realization step and from there 
three concretization steps are taken. So, first two steps are 
taken to make the architecture more IT-oriented; then three 
steps of adding components into the architecture are taken; Figure 8 Example route of creating a BISA 
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then another step towards IT is taken followed by adding more specific information about the 
information systems in the architecture. It is not necessary to fully understand the method, the 
important part is to know that there are different dimensions and that they can be used to come from 
an architecture of just one component to a detailed architecture in an ordered way. 

9.2.1.2 Translation to business process models 
 In this section, the interesting characteristics of the method of creating a BISA are translated 
to the domain of business process modeling.  
 The first feature of the BISA method to be translated is that the preferred level of detail is 
determined on beforehand. This can be done for process modeling by defining the goal of the model. 
If the goal is to provide a brief overview of a process, less information in a model is needed than when 
the model has to serve as a working manual of that same process. By defining the goal, one should 
incorporate the preferred level of detail of information present in the final model.  
 Once the level of detail is determined the policy in constructing a BISA is to start with just 
one component and go from there step-by-step towards more components and more specific 
information with a more realized orientation in the architecture. This concept is adopted for the 
process modeling method as well. This step-by-step approach is the main contribution of dealing with 
the high complexity and the large amount of information and therefore also vital for the 
operationalization of the rationale. This step-by-step approach deals with the complexity and 
information by focusing on a small part of the whole situation every step, thereby reducing the for that 
moment relevant information and reducing the decisions to make.   
 The policy will not be adapted one on one. First of all, the realization dimension is not 
relevant for business process modeling. Another difference is that the architect is able to choose 
pragmatically which dimension to address first and which step to take next. For the modeler a fixed 
order will be created, because there is only one order that makes sense. First a de-aggregation step 
will be taken and after that a concretization step. Or in other words: first will a component be 
exploded in multiple components and after that proper names will be addressed to those components. 
After these two actions of the modeler, he has to update the connections between the components of 
the model. For the architecture this belongs to the de-aggregation step, for the modeler this is a 
separate step after the concretization step. This because, when the modeler is thinking about in how 
much components the current component should be divided, this is strongly connected to what those 
components will contain which is already a start for the naming of the new components. Thinking 
about the relations between those components is thought to be a more separate step and can therefore 
be performed after the naming of the components. Another difference is that the de-aggregation steps 
will be performed in multiple steps for the modeler. Where all components are de-aggregated in one 
go in case of creating a BISA, all components will be 
separately de-aggregated in the case of creating a process 
model. However, all components will have at maximum 
one level of difference in terms of aggregation, meaning 
that no component is de-aggregated twice before all other 
components are de-aggregated as well. After every 
sequence of de-aggregating, concretesizing and updating 
the connections will be checked whether the preferred level 
of detail is reached. If this is the case the process model is 
complete, if not, the sequence is repeated. The constructed 
method is visually illustrated in figure 9.   
 By taking small steps in a similar way as in creating 
a BISA, the cognitive load in every step will be smaller Figure 9 Business process modeling method 
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compared to creating the model at once. At every moment in time the modeler only needs to worry 
about either the number of components in the (sub-) process, about the relations between components 
or about appropriate labels for the components. Besides that, managing the relations will be easier, 
since the relations from the previous step only need to be updated into more detail. 

9.2.1.3 Example 
 Now the method is constructed an example will be provided to illustrate how the method can 
be applied. The PF case description used in the experiments will also be used for the example, the 
case description is presented in Appendix D. The example is discussed in the remainder of this 
section. 

Sequence 0  
 First the preferred level of detail has to be determined. We imagine that the goal is that to 
provide a quick overview of what the steps to take are for the airplane’s crew. So, it has to be detailed 
enough to know what steps have to be taken, but details about the exact actions can be left out.  
 Now the constructing can begin10. We start with just one component, which is Preflight. 
Besides that the start and the end points are incorporated into the model, since they always will be 
present.  

 

Figure 10 Step 0 starting point 

Sequence 1  
             From reading the case description it can be obtained that there are three phases: something 
that has to do with preparing the plane to move; to move to the run-up area; and to take off. Note that 
probably different decisions could be made, the important part is that the whole process gets divided 
in separate components. Before concern ourselves with proper naming for the components, they are 
fitted in into the process model. The arrows that already exist remain in the model for now, those are 
reconsidered later. 

 

Figure 11 Step 1.1 first de-aggregation step 

 Now it is time for focus on giving proper names to the components. Again other decisions 
could be made. Especially since this is not an end product, the most important about the names at this 
moment is that the modeler himself understands what he means. 

 

Figure 12 Step 1.2 first concretization step 

                                                   
10 The models are created in the free modeling tool Bizagi. The reason that they are not created with the same 
tool as in the experiment, is that this tool could not be made available. 
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At this moment the connections can be made and the current connections be checked on 
whether they are still correct. As can be seen is this at the moment pretty straight forward. 

 

Figure 13 Step 1.3 first updating step 

Now is checked whether the preferred level of detail is obtained. It provides a brief overview 
of what has to be done, but it is determined to be still too abstract and too aggregated. Therefore the 
sequence has to start over. 

Sequence 2  
 First is the component “prepare” going to be divided into several components. From the 
description can be obtained that roughly three sorts of actions need to be performed: checking the 
weather; optionally checking the flight plan; and an inspection needs to take place.  

Figure 14 Step 2.1 second de-aggreation step 

 After deciding to introduce three components, all attention can be focused at useful names. 

Figure 15 Step 2.2 second concretization step 

 The next step would be to add and check the connections. Note that only the connections need 
to be checked, where new connections are added.  
 

 

Figure 16 Step 2.3 second updating step 

Sequence 3  
 Before considering going in more detail in the first part, the move and depart components 
have to undergo the same procedure. So first the inspection part will be divided into component. 
Again three components since can be obtained that the component “move” consists out of three 
potential steps: to obtain clearance to start the engine; to arrange that the taxiing can start; and actual 
the taxiing. The reason to split the arranging of the taxiing and the actual taxiing instead of make that 
one component is because in this way the components are more on the same level of detail as each 
other. 

 

Figure 17 Step 3.1 third de-aggregating step 
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 Now suited names will be formulated for the move components, which will be followed by 
adding the new connections. The reason for starting the second line in figure 19 is for maintaining 
readability only. 

Figure 18 Step 3.2 third concretization step 

 

Figure 19 Step 3.3 third updating step 

Sequence 4  
 At this point the previous components “prepare” and “move” are now both exploded to an 
increased level of detail and they are thought to be both on the same level of detail. Now the 
component “depart” will follow. Again, it seems that the component “depart” can best be exploded 
into three components because there can be three steps identified: a check has to be done; it has to be 
arranged that the plane can take of; and the actual take off.  

 

Figure 20 Step 4.1 fourth de-aggregation step 

 Now it is time to supply the new components with proper names. After that, the connections 
will be added. 

 

Figure 21 Step 4.2 fourth concretization step 
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Figure 22 Step 4.3 fourth updating step 

Now another check is done whether the level of detail is obtained. The goal was to provide a brief 
overview of the steps to take for an airplane’s crew. This goal is reached and therefore no further steps 
in disaggregation ore concretization have to be taken. 

9.2.2 Evaluating modeling method 
 A first thing to note is that the decision is made to stop adding more detail although there still 
is more information present about certain components in the case description, like for the components 
“inspect” and “arrange taxiing”. Although in this situation only for some components there is more 
information present, in real life it could be that for all or other components was more information. 
Therefore would it for real life situations be even more helpful to determine the preferred level of 
detail on beforehand. Otherwise it would be very hard to determine at what point to stop de-
aggregating and making it more concrete.   
 Furthermore might this way of working seem like a hassle. It seems easier or at least a lot 
faster to immediately start modeling, especially with a case description at hand. However, this 
temptation is also present in creating a BISA. In real life this temptation in creating a BISA is 
probably more dominantly present than for process modeling. This because, all the legacy systems are 
known from the beginning to the most disaggregated, concrete and realized situation. Therefore an 
architect could start with one legacy system and draw from there all relations to the other information 
systems on the same concrete, disaggregated and realized level. However, in that field still the 
described top-down method is introduced. Besides that, from our point of view it is much harder to 
even try to start modeling immediately in real life. Typically one will get to know the process, starting 
with the big picture and from there going into more detail, which matches the proposed modeling 
method instead of immediately starting at the level of detail that is preferred for the end product.  
 The constructed method is thought to be an operationalization of the rationale because this 
method takes into account and omits potential problems of bounded rationality and limited 
information processing capacity. This because, at every moment in time only a small part of all 
available information needs to be considered and there are less and smaller decisions to be made at 
every point through the creation process to finish a step and go on to the next step. The so called 
predictor could be “used modeling method” where this method is thought to be a good method. Like 
for the predictor labeling style verb-object is thought to be the best style, is this method thought to be 
a good method.   
 There is one large limitation to this method at this point in time. There is no empirical 
evidence supporting the quality of this method. Due to a lack of time and resources it was not possible 
to empirically investigate this method. It would be very valuable to test this method before applying 
or discarding it. A first test could be to run a similar experiment as was done for the data in this thesis, 
but first introduce the modeling method and then let them create the NFL-case and the PF-case 
applying the new method. The results could be compared between the current set of data and the data 
that is constructed throughout the new method. 
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Appendix B - Literature search on key words 
Used key words:  

- Business process models (+ separability/ sequentiality/ error detection) 
- process models + separability/ sequentiality 
- Workflow nets + separability/ sequentiality 
- separability+ sequentiality 
- error metrics + separability/ sequentiality 
- error probability + separability/ sequentiality 
- Connector heterogeneity + (business) process model/ process model vericifaction/ Workflow 

nets/ error probability 
- Connector interplay + (business) process model/ process model vericifaction/ Workflow nets/ 

error probability 
- Density + (business) process model/ process model vericifaction/ Workflow nets/ error 

probability 
- Secondary notation+ (business) process model/ process model vericifaction/ Workflow nets/ 

error probability 
- Arc intersection + (business) process model/ process model vericifaction/ Workflow nets/ 

error probability 
- Crossing edges + (business) process model/ process model vericifaction/ Workflow nets/ error 

probability 

 

Appendix C - Overview of hypotheses 
Before the hypotheses are analyzed an overview of the all the hypotheses is shown in figure 24. The 
circles in the figure represent points where arrows are merged into one arrow. For example, at the top 
left the arrow from the block separability and the arrow from the block CH merge into one arrow 
pointing towards soundness, this arrow has the label “1b”. This shows that hypothesis 1b is about the 
predictive relation between separability and soundness in relation to CH.  

 

Figure 23 Overview of hypotheses 
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Appendix D – Process models and calculations 
PF-case 

The process describes the steps to be conducted by an airplane’s crew before take‐off.  

Case Description  

In the following, the preflight process for conducting a general aviation flight is described. First, the p
ilot has to check the weather. Optionally, the pilot can then file a flight plan. This is followed by a pre
flight  inspection  phase  of the  airplane, where the  pilot  checks the  engine  as well  as the fuselage  
of the  airplane. Both activities can be conducted independently of each other. For large airports, the p
ilot calls Clearance Delivery to get the engine start clearance. If an airport has a tower, the pilot has to
 contact Ground  to  get  taxi  clearance;  otherwise  the  pilot  has  to  announce  taxiing  himself/hers
elf.  This is followed by taxiing to the runup area and performing the runup checks to ensure that the a
irplane is ready for flight. If the airport has a tower, the tower is contacted to get take 
off clearance, otherwise take-off intentions have to be announced. Finally, the pre take‐
off process is completed with the take‐off of the airplane. 

 

Figure 24 PF-case process model in dataset 

 

Metric Model 
Separability 13

22 − 2
= 0,65 

Sequentiality 3
26

= 0,115 

CH −1
6
8

log
6
8

+
2
8

log
2
8

= 0,811 

Δ 26
22 ∗ 21

= 0,056 
CNC 26

22
= 1,182 

Crossing arcs 0 
Table 16 Calculation of metrics for the presented model 
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Appendix E - Control variables 
For information about what the tests means and how they should be interpreted, Appendix F can be 
consulted. 

NFL - Interaction effects 
 
NFL-Separability 
-2LL of model with NFL and separability: 235,933 
 
Model Summary 

Step -2 Log likelihood Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 233,456a ,022 ,033 

a. Estimation terminated at iteration number 4 because parameter 

estimates changed by less than ,001. 

 
Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 30,669 8 ,000 

 
Classification Tablea 

 Observed Predicted 

 Strict soundness Percentage 

Correct  0 1 

Step 1 
Strict soundness 

0 0 50 ,0 

1 0 175 100,0 

Overall Percentage   77,8 

a. The cut value is ,500 

 
Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a 

sep100centered ,025 ,023 1,231 1 ,267 1,026 

NFL(1) -,739 ,225 1,399 1 ,263 ,867 

NFL(1) by sep100centered -,011 ,026 ,193 1 ,660 ,989 

Constant 1,746 ,342 25,996 1 ,000 5,730 

a. Variable(s) entered on step 1: NFL * sep100centered . 

 
No sign of interaction.  
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NFL – Sequentiality 
 
Model Summary 

Step -2 Log likelihood Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 232,020a ,028 ,043 

a. Estimation terminated at iteration number 4 because parameter 

estimates changed by less than ,001. 

 
Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 8,737 8 ,365 

 
Classification Tablea 

 Observed Predicted 

 Strict soundness Percentage 

Correct  0 1 

Step 1 
Strict soundness 

0 1 49 2,0 

1 0 175 100,0 

Overall Percentage   78,2 

a. The cut value is ,500 
 
Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a 

seq100centered -,057 ,031 3,348 1 ,067 ,945 

NFL(1) -,646 ,386 2,800 1 ,094 ,524 

NFL(1) by seq100centered ,081 ,043 3,518 1 ,061 1,085 

Constant 1,774 ,312 32,409 1 ,000 5,895 

a. Variable(s) entered on step 1: NFL * seq100centered . 

 
To get a better grasp on the influence of adding the interaction effect the previous block is presented 
below. The difference between the -2LL’s is too small to indicate an improvement. The accuracy only 
increases with 0,4%. Probably the most important reason to determine that there is no indication of 
interaction effect, is that there can be found no legitimate reason to shift the significance level to 0,1, 
mainly because sequentiality predicts in the opposite direction as the hypotheses states. 
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Model Summary 

Step -2 Log likelihood Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 235,791a ,011 ,017 

a. Estimation terminated at iteration number 4 because parameter 

estimates changed by less than ,001. 

 
Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 12,723 7 ,079 

 
Classification Tablea 

 Observed Predicted 

 Strict soundness Percentage 

Correct  0 1 

Step 1 
Strict soundness 

0 0 50 ,0 

1 0 175 100,0 

Overall Percentage   77,8 

a. The cut value is ,500 
 
Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a 

seq100centered -,014 ,020 ,505 1 ,477 ,986 

NFL(1) -,558 ,354 2,486 1 ,115 ,573 

Constant 1,579 ,272 33,790 1 ,000 4,850 

a. Variable(s) entered on step 1: seq100centered, NFL. 

PF – Interaction effects 
PF – Separability 

 
Model Summary 

Step -2 Log likelihood Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 235,363a ,026 ,039 

a. Estimation terminated at iteration number 4 because parameter 

estimates changed by less than ,001. 

 
Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 27,574 8 ,001 
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Classification Tablea 

 Observed Predicted 

 Strict soundness Percentage 

Correct  0 1 

Step 1 
Strict soundness 

0 0 50 ,0 

1 0 175 100,0 

Overall Percentage   77,8 

a. The cut value is ,500 
 
Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a 

sep100centered ,021 ,012 2,744 1 ,098 1,021 

PF(1) -,664 ,196 1,399 1 ,263 ,867 

PF(1) by sep100centered -,002 ,024 ,004 1 ,947 ,998 

Constant ,887 ,228 15,201 1 ,000 2,429 

a. Variable(s) entered on step 1: PF * sep100centered . 

No sign of interaction 

 
PF – Sequentiality 

-2LL with PF and sequentiality in the model: 235,679 

 
Model Summary 

Step -2 Log likelihood Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 232,465a ,026 ,040 

a. Estimation terminated at iteration number 4 because parameter 

estimates changed by less than ,001. 

Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 9,779 8 ,281 

Classification Tablea 
 Observed Predicted 

 Strict soundness Percentage 

Correct  0 1 

Step 1 
Strict soundness 

0 1 49 2,0 

1 0 175 100,0 

Overall Percentage   78,2 

a. The cut value is ,500 
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Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a 

seq100centered ,025 ,031 ,654 1 ,419 1,025 

PF(1) ,590 ,367 2,581 1 ,108 1,803 

PF(1) by seq100centered -,074 ,042 3,044 1 ,081 ,929 

Constant 1,101 ,235 21,951 1 ,000 3,008 

a. Variable(s) entered on step 1: PF * seq100centered . 

 

Although the results are not all pointing 100% convincing towards no interaction. The fact 

that de dataset contains 225 data points in combination with the Exp(B) of the interaction 

variable being close to one is sufficient to conclude that the α of 0,081 does not indicate an 

interaction. 
 

M - Interaction effects 
M – Separability 

-2LL of model with M and separability: 237,301 
 
Model Summary 

Step -2 Log likelihood Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 237,039a ,006 ,009 

a. Estimation terminated at iteration number 4 because parameter 

estimates changed by less than ,001. 
 
Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 28,505 8 ,000 

 
Classification Tablea 

 Observed Predicted 

 Strict soundness Percentage 

Correct  0 1 

Step 1 
Strict soundness 

0 0 50 ,0 

1 0 175 100,0 

Overall Percentage   77,8 

a. The cut value is ,500 
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Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a 

sep100centered -,017 ,052 ,105 1 ,746 ,983 

M(1) ,129 1,122 ,013 1 ,908 1,138 

M(1) by sep100centered ,028 ,053 ,276 1 ,600 1,028 

Constant 1,118 1,110 1,014 1 ,314 3,058 

a. Variable(s) entered on step 1: M * sep100centered . 

 
No sign of interaction 

M – Sequentiality 

2LL of model with M and sequentiality: 238,513 
 
Model Summary 

Step -2 Log likelihood Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 238,277a ,000 ,001 

a. Estimation terminated at iteration number 4 because parameter 

estimates changed by less than ,001. 
 
Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 4,051 8 ,852 

 
Classification Tablea 

 Observed Predicted 

 Strict soundness Percentage 

Correct  0 1 

Step 1 
Strict soundness 

0 0 50 ,0 

1 0 175 100,0 

Overall Percentage   77,8 

a. The cut value is ,500 

Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a 

seq100centered ,025 ,147 ,029 1 ,866 1,025 

M(1) -,227 ,981 ,053 1 ,817 ,797 

M(1) by seq100centered -,028 ,148 ,036 1 ,849 ,972 

Constant 1,474 ,968 2,321 1 ,128 4,367 

a. Variable(s) entered on step 1: M * seq100centered . 
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No sign of interaction 

Expertise - Interaction effects 
Expertise – Separability 

-2LL of model with Expertise and separability: 235,758 
 
Model Summary 

Step -2 Log likelihood Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 234,399a ,017 ,027 

a. Estimation terminated at iteration number 5 because parameter 

estimates changed by less than ,001. 
 
Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 36,312 8 ,000 

 
 
Classification Tablea 

 Observed Predicted 

 Strict soundness Percentage 

Correct  0 1 

Step 1 
Strict soundness 

0 0 50 ,0 

1 0 175 100,0 

Overall Percentage   77,8 

a. The cut value is ,500 
 
Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a 

sep100centered ,031 ,037 ,686 1 ,408 1,031 

expertdummy(1) -1,295 ,909 2,028 1 ,154 ,274 

expertdummy(1) by 

sep100centered 
-,022 ,039 ,338 1 ,561 ,978 

Constant 2,477 ,894 7,674 1 ,006 11,902 

a. Variable(s) entered on step 1: expertdummy * sep100centered . 
No sign of interaction 

Expertise – Sequentiality 
-2LL of model with Expertise and sequentiality: 235,798 
 
Model Summary 
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Step -2 Log likelihood Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 235,717a ,012 ,018 

a. Estimation terminated at iteration number 5 because parameter 

estimates changed by less than ,001. 

 
Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 5,208 8 ,735 

 
Classification Tablea 

 Observed Predicted 

 Strict soundness Percentage 

Correct  0 1 

Step 1 
Strict soundness 

0 0 50 ,0 

1 0 175 100,0 

Overall Percentage   77,8 

 

 
Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a 

seq100centered -,037 ,134 ,078 1 ,780 ,963 

expertdummy(1) -,907 ,937 ,937 1 ,333 ,404 

expertdummy(1) by 

seq100centered 
,040 ,136 ,089 1 ,766 1,041 

Constant 2,085 ,923 5,106 1 ,024 8,042 

a. Variable(s) entered on step 1: expertdummy * seq100centered . 

No sign of interaction 

Location - Interaction effects 
 
Location – Separability 
-2LL of model with location and separability: 236,367 
 
Model Summary 

Step -2 Log likelihood Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 233,753a ,020 ,031 

a. Estimation terminated at iteration number 4 because parameter 

estimates changed by less than ,001. 
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Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 22,528 8 ,004 

 
Classification Tablea 

 Observed Predicted 

 Strict soundness Percentage 

Correct  0 1 

Step 1 
Strict soundness 

0 2 48 4,0 

1 4 171 97,7 

Overall Percentage   76,9 

a. The cut value is ,500 

 
Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a 

sep100centered ,062 ,035 2,227 1 ,127 1,064 

eindhovendummy(1) ,813 ,535 2,308 1 ,129 1,255 

eindhovendummy(1) by 

sep100centered 
-,056 ,036 2,341 1 ,126 ,946 

Constant ,497 ,506 ,965 1 ,326 1,644 

a. Variable(s) entered on step 1: eindhovendummy * sep100centered . 

The significance values slightly approach the boarder of significance. However, the do not 

reach those boarders and neither are there strong signs of good predicting power for this set 

of data. On the contrary, the accuracy of this predictive model is even lower than that of the 

baseline model. So there is no interaction effect. 

 

Location – Sequentiality 
-2LL of model with location and sequentiality: 237,640 
 
Model Summary 

Step -2 Log likelihood Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 233,240a ,023 ,034 

a. Estimation terminated at iteration number 4 because parameter 

estimates changed by less than ,001. 
 
Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 9,150 8 ,330 
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Classification Tablea 

 Observed Predicted 

 Strict soundness Percentage 

Correct  0 1 

Step 1 
Strict soundness 

0 2 48 4,0 

1 2 173 98,9 

Overall Percentage   77,8 

a. The cut value is ,500 
 
Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a 

seq100centered ,172 ,097 3,162 1 ,075 1,188 

eindhovendummy(1) ,334 ,535 ,389 1 ,533 1,396 

eindhovendummy(1) by 

seq100centered 
-,185 ,099 3,510 1 ,061 ,831 

Constant ,970 ,507 3,664 1 ,056 2,638 

 

 
Discussed in main text. 
 

Education - Interaction effects 
Education – Separability 

-2LL of model with Education and separability: 221,193 
 
Model Summary 

Step -2 Log likelihood Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 218,433a ,020 ,030 

a. Estimation terminated at iteration number 4 because parameter 

estimates changed by less than ,001. 

 
Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 30,499 8 ,000 
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Classification Tablea 

 Observed Predicted 

 Strict soundness Percentage 

Correct  0 1 

Step 1 
Strict soundness 

0 2 46 4,2 

1 4 152 97,4 

Overall Percentage   75,5 

a. The cut value is ,500 
 
Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a 

sep100centered ,062 ,035 2,227 1 ,127 1,064 

educationdummy(1) ,729 ,537 1,841 1 ,175 2,072 

educationdummy(1) by 

sep100centered 
-,058 ,037 2,471 1 ,116 ,944 

Constant ,497 ,506 ,965 1 ,326 1,644 

a. Variable(s) entered on step 1: educationdummy * sep100centered . 

Following the same line of reasoning as for the interaction tests between separability and 

location is determined that there is no interaction effect. 

 
Education – Sequentiality 

-2LL of model with Education and sequentiality: 222,118 
 
Model Summary 

Step -2 Log likelihood Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 218,021a ,022 ,033 

a. Estimation terminated at iteration number 4 because parameter 

estimates changed by less than ,001. 
 
Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 7,148 8 ,521 
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Classification Tablea 

 Observed Predicted 

 Strict soundness Percentage 

Correct  0 1 

Step 1 
Strict soundness 

0 2 46 4,2 

1 2 154 98,7 

Overall Percentage   76,5 

a. The cut value is ,500 
 
Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1a 

seq100centered ,172 ,097 3,162 1 ,075 1,188 

educationdummy(1) ,255 ,537 ,226 1 ,634 1,291 

educationdummy(1) by 

seq100centered 
-,179 ,099 3,291 1 ,070 ,836 

Constant ,970 ,507 3,664 1 ,056 2,638 

a. Variable(s) entered on step 1: educationdummy * seq100centered . 

 
Discussed in main text. 
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Appendix F - Logistic regression tests 
Tests on the whole model   
             In logistic regression the observed and predicted values can be used to assess the fit of the 
model. Therefore the log-likelihood(LL) is calculated:  

∑ 푌 (ln푃(푌 )) + (1− 푌 ) ln 1− 푃(푌 ) .  

- 푌 = 푤ℎ푒푡ℎ푒푟 표푟 푛표푡 푡ℎ푒 푒푣푒푛푡 푑푖푑 표푐푐푢푟 푓표푟 푡ℎ푎푡 푝푒푟푠표푛 
- 푃(푌 )  = 푇ℎ푒 푝푟표푏푎푏푖푙푖푡푦 푡ℎ푎푡 푌 표푐푐푢푟푠 푓표푟 푡ℎ푒 푖푡ℎ 푝푒푟푠표푛 

As can be obtained from the formula, the difference between the predicted value and the 
observed value is calculated. In this way the error of the predicting model is calculated. Based on this 
metric, statistical models can be compared. The model with the lowest error is the best model. 
However, one extra step has to be made to really compare the models. It has to be determined whether 
the difference is a significant difference. Therefore the LL will be multiplied by minus two. If this is 
done a chi square distribution is obtained, if the difference between the LL’s which are multiplied by 
minus two results in a significant chi square then the model with the smallest error is significantly 
better than the other model.   
 SPSS will report the LL multiplied by minus two -2LL. However, for the model with only a 
constant this value is not calculated and therefore it will be calculated by hand. 

The calculation is as follows: 

 휒 = −2퐿퐿(푛푒푤) −−2퐿퐿(표푙푑)         푤푖푡ℎ 푑푓 =  푘 − 푘  

- 휒 = 푐ℎ푖 푠푞푢푎푟푒 
-  푑푓 = 푑푒푔푟푒푒푠 표푓 푓푟푒푒푑표푚 
- 푘 = 푛푟. 표푓 푝푎푟푎푚푒푡푒푟푠 

If the 휒  is significant this means that LLnew is significantly smaller than LLold, this means that 
the new model is a significant improvement compared to the old model.  

There are multiple approximations of the R2 used in linear regression. Two of them are 
applied in this project. The Hosmer and Lemeshow’s (푅 ) and Nagelkerke’s (푅 ) 

 푅 =    

푅  represents the proportional reduction in the absolute value of LL measure. It is a measure 
that shows whether the inclusion of the new variable(s) has improved the model, which is test by the 
chi-square goodness of fit test. If this test is not significant, then the model has an adequate fit of the 
data. Since from 푅  only can be obtained whether the model fits or not, 푅  will be used to provide 
information about the extent of the fit. 푅  can be interpreted in a similar was as 푅  used in linear 
regression. 

 푅 =   

n = sample size 
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There is also a visual representation of the model fit: the classification plot. This plot is a 
histogram that shows the predicted probabilities that an event occurs (which in this project can be 
interpreted as being sound) for all items in the dataset. In the histogram the values of the dependent 
variable are sorted on their predicted probability. If an event is predicted to have 75% chance to occur 
then that event will be positioned into that bar in the histogram. The more that the events that actually 
occurred are aligned on the right-hand side of the histogram and the ones that did not occur are 
aligned on the left-hand side the better fit of the model is. This because that shows that that events that 
actually occurred also have a high probability of occurring according to the model, as have not 
occurred events a low probability. 

Other valuable information presented by SPSS, if asked for, is a so called classification table 
of which an example is shown in table 16. This table shows how many events are predicted to (not) 
occur and how many of those predictions are correct.  Based on this SPSS presents the specificity, 
sensitivity and accuracy. Accuracy represents the probability that the model makes a correct 
prediction. Specificity shows the ability of the predicting model to classify a model to be not sound 
correctly. Sensitivity represents the ability to correctly classify sound models as sound. The 
calculations of the three measures are shown below. 

 

 

퐴푐푐푢푟푎푐푦 =
푇푁 + 푇푃

푇푁 + 퐹푃 + 퐹푁 + 푇푃
 

 푆푝푒푐푖푓푖푐푖푡푦 =   

푆푒푛푠푖푡푖푣푖푡푦 =  
푇푃

푇푃 + 퐹푃
 

Model stability tests   
 To test the stability of the model test are performed on the residuals created by the model. 
Four types of residuals are used: Analog of Cook’s influence statistics, Leverage value, Normalized 
residual and DFBETA. They will be discussed one by one.   
 Analog of Cook’s influence statistics is a variant of Cook’s distance (which is a commonly 
used measure of the overall influence of an event on the model), made applicable for logistic 
regression. It is an unstandardized measure, so there is no nominal threshold from where one can say 
that inspection is needed. If Cook’s distance is substantially higher for certain cases than for others, 
inspection is needed for the cases with high values. DFBETA is a standardized version of Cook’s 
distance, for which can be said that any values greater than 1 indicate possible influential cases.  
 Leverage value is about identifying events that have strange values in their independent 
values, meaning that their combination of values is so unique that there are no events with similar 
combinations. The higher the value for an event the more unique that event is, events with a value 
greater than 2,5 times the expected leverage value are in need of inspection.  

 Predicted 
 Not sound Sound 
Observed Not sound True negative (TN) False positive (FP) 

Sound False negative (FN) True positive (TP) 
Table 17 example of classification table 



76 
 

 Normalized residuals measure the distance in standard deviations between an event and its 
prediction, values greater than 2,5 of lower than -2,5 are in need of inspection. 

Tests on the predictors of interest   
 Information about the predictors of interest is among other sources retrieved from the table: 
variables in the equation. This table shows whether a predictor significantly predicts (that calculation 
is based on Wald’s statistic which is for our data sufficiently reliable since the unstandardized 
regression coefficients will always be small due to the limited range in values of the predictors) and 
the regression coefficient is shown. Another measure that is presented in the same table is the exp(B) 
value. This value represents the change in odds if the predictor increases by one. The odds are 
calculated by the predicted chance of an event occurring, divided by the chance that that event does 
not occur. Exp(B) is then calculated by dividing the odds after a unit change in the predictor by the 
original odds. Basically for interpretation; if the value is bigger than one it indicates that if the 
predictor increases so will the odds and if it is smaller than one if then the predictors increases, the 
odds will fall. Furthermore the B is shown for every predictor, from which the magnitude and 
direction of the relation between the predictor and soundness can be obtained. The S.E. shows the 
standard error of that predictor, the lower this value the better.   
 If multiple independent variables are incorporated into one model the possibility of 
multicollinearity arises. This is tested by requesting the variance inflation factor, better known as VIF, 
and tolerance values. VIF measures to which extent a predictor has a strong linear relation with other 
predictors and tolerance is just 1/VIF. If VIF is higher than 10 and tolerance lower than 0.1 it is 
almost certain that there is multicollinearity.  
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Appendix G - Summaries of residual analyses 

Residuals – established predictors 
Descriptive Statistics 

 N Minimum Maximum Mean Std. Deviation 

Analog of Cook's influence 

statistics 
225 ,00140 ,31465 ,0236860 ,04177978 

Leverage value 225 ,00564 ,22101 ,0222222 ,03055160 

Normalized residual 225 -2,77945 1,03816 -,0017021 1,00247448 

DFBETA for constant 225 -1,20538 1,17275 -,0009485 ,28317820 

DFBETA for CH100 225 -,00318 ,00200 -,0000037 ,00069768 

DFBETA for Density100 225 -,03800 ,02802 -,0000276 ,00670176 

DFBETA for CNC100 225 -,01163 ,01041 ,0000122 ,00244309 

DFBETA for Crossingarcs100 225 -,00174 ,00083 -,0000024 ,00020779 

Valid N (listwise) 225     
 

Residuals – established predictors + separability 
Descriptive Statistics 

 N Minimum Maximum Mean Std. 

Deviation 

Analog of Cook's influence statistics 225 ,00016 ,75988 ,0541907 ,11513870 

Leverage value 225 ,00818 ,43963 ,0444444 ,06308306 

Normalized residual 225 -2,94148 1,51772 
-

,0055375 
1,01669485 

DFBETA for constant 225 -,03604 ,05461 ,0000408 ,01362197 

DFBETA for CH100centered 225 -,00372 ,00302 5E-7 ,00081176 

DFBETA for Density100centered 225 -,05583 ,03710 
-

,0000256 
,00851051 

DFBETA for CNC100centered 225 -,01210 ,01276 ,0000289 ,00316679 

DFBETA for Crossingarcs100centered 225 -,00269 ,00303 
-

,0000041 
,00032801 

DFBETA for sep100centered 225 -,00269 ,00553 ,0000072 ,00097926 

DFBETA for CH100centered by sep100centered 225 -,00035 ,00032 -4E-7 ,00007381 

DFBETA for Density100centered by sep100centered 225 -,00253 ,00499 ,0000084 ,00065198 

DFBETA for CNC100centered by sep100centered 225 -,00058 ,00150 ,0000039 ,00022854 

DFBETA for Crossingarcs100centered by 

sep100centered 
225 -,00013 ,00014 -1E-7 ,00001691 

Valid N (listwise) 225     
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Residuals – established predictors + sequentiality 
 
 

Descriptive Statistics 

 N Minimum Maximum Mean Std. Deviation 

Analog of Cook's influence 

statistics 
225 ,00044 1,80077 ,0683341 ,18348345 

Leverage value 225 ,00762 ,40362 ,0533333 ,06963846 

Normalized residual 225 -3,07552 1,88607 ,0022944 ,98891042 

DFBETA for constant 225 -,33524 ,12384 -,0001125 ,04012828 

DFBETA for 

CH100centered 
225 -,00362 ,00583 -,0000149 ,00105442 

DFBETA for 

Density100centered 
225 -,03731 ,04693 -,0001053 ,00835640 

DFBETA for 

CNC100centered 
225 -,02512 ,01144 ,0000393 ,00308636 

DFBETA for 

Crossingarcs100centered 
225 -,00301 ,00083 -,0000069 ,00028237 

DFBETA for 

eindhovendummy(1) 
225 -,15702 ,32942 ,0000726 ,04306935 

DFBETA for 

seq100centered 
225 -,11998 ,04270 -,0000744 ,01045046 

DFBETA for 

eindhovendummy(1) by 

seq100centered 

225 -,04333 ,11973 ,0000773 ,01049304 

DFBETA for 

CH100centered by 

seq100centered 

225 -,00080 ,00047 -7E-7 ,00012491 

DFBETA for 

Density100centered by 

seq100centered 

225 -,00699 ,00361 -9E-7 ,00081707 

DFBETA for 

CNC100centered by 

seq100centered 

225 -,00259 ,00409 -,0000020 ,00051614 

DFBETA for 

Crossingarcs100centered 

by seq100centered 

225 -,00017 ,00057 5E-7 ,00004507 

Valid N (listwise) 225     
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Appendix H - Correlation matrices 
Separability- established predictors 

Correlations 

 separability CH Δ CNC Crossing arcs 

separability100 Pearson Correlation 1 -,155* -,218** -,251** -,191** 

Sig. (2-tailed)  ,020 ,001 ,000 ,004 

N 225 225 225 225 225 

CH100 Pearson Correlation -,155* 1 ,198** ,040 ,015 

Sig. (2-tailed) ,020  ,003 ,550 ,822 

N 225 225 225 225 225 

Density100 Pearson Correlation -,218** ,198** 1 ,052 ,016 

Sig. (2-tailed) ,001 ,003  ,437 ,811 

N 225 225 225 225 225 

CNC100 Pearson Correlation -,251** ,040 ,052 1 ,215** 

Sig. (2-tailed) ,000 ,550 ,437  ,001 

N 225 225 225 225 225 

Crossingarcs100 Pearson Correlation -,191** ,015 ,016 ,215** 1 

Sig. (2-tailed) ,004 ,822 ,811 ,001  
N 225 225 225 225 225 

*. Correlation is significant at the 0.05 level (2-tailed). **. Correlation is significant at the 0.01 level (2-tailed). 
 

Sequentiality – established predictors 

Correlations 

 sequentiality CH Δ CNC Crossing arcs 

sequentiality Pearson Correlation 1 ,046 ,391** -,249** -,021 

Sig. (2-tailed)  ,492 ,000 ,000 ,754 

N 225 225 225 225 225 

CH Pearson Correlation ,046 1 ,198** ,040 ,015 

Sig. (2-tailed) ,492  ,003 ,550 ,822 

N 225 225 225 225 225 

Δ Pearson Correlation ,391** ,198** 1 ,052 ,016 

Sig. (2-tailed) ,000 ,003  ,437 ,811 

N 225 225 225 225 225 

CNC Pearson Correlation -,249** ,040 ,052 1 ,215** 

Sig. (2-tailed) ,000 ,550 ,437  ,001 

N 225 225 225 225 225 

Crossing arcs Pearson Correlation -,021 ,015 ,016 ,215** 1 

Sig. (2-tailed) ,754 ,822 ,811 ,001  
N 225 225 225 225 225 

**. Correlation is significant at the 0.01 level (2-tailed). 
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Appendix I – Updated framework 

 

Figure 25 Updated framework 


